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Abstract

The emergence of powerful LLMs has led to a paradigm shift
in Natural Language Understanding and Natural Language
Generation. The properties that make LLMs so valuable for
these tasks – creativity, ability to produce fluent speech, and
ability to quickly and effectively abstract information from
large corpora – also present new challenges to evaluating their
outputs. The rush to market has led teams to fall back on
quick, cost-effective automatic evaluations which offer value,
but do not obviate the need for human judgments in model
training and evaluation. This paper argues that in cases in
which end users need to agree with the decisions made by ML
models – e.g. in toxicity detection or extraction of main points
for summarization – models should be trained and evaluated
on data that represent the preferences of those users. We sup-
port this argument by explicating the role of human feedback
in labeling and judgment tasks for model training and evalua-
tion. First, we propose methods for disentangling noise from
signal in labeling tasks. Then we show that noise in label-
ing disagreement can be minimized by adhering to proven
methodological best practices, while signal can be maximized
to play an integral role in model training and evaluation tasks.
Finally, we illustrate best practices by providing a case study
in which two guardrails classifiers are evaluated using human
judgments to align final model behavior to user preferences.
We aim for this paper to provide researchers and profession-
als with guidelines to integrating human judgments into their
ML and generative AI evaluation toolkit, particularly when
working toward achieving accurate and unbiased features that
align with users’ needs and expectations.

Introduction
Since November 2022 with the launch of ChatGPT, the
world has seen an explosion in popularity of generative
AI content demonstrating impressive performance across a
variety of tasks. This paradigm shift in Natural Language
Generation (NLG) has changed the fields of text generation
and summarization, computer-generated art, information re-
trieval, search engine optimization, and workflow automa-
tion. While new applications of generative technologies are
transformative, research lags behind in effective, replicable
strategies for evaluating their content. The core challenge
of evaluating NLG systems lies in their very nature: models
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are prompted to generate human-like texts, and can respond
in sophisticated, human-like, and nuanced ways. However,
even with well-intentioned inputs, if left unsupervised gen-
erative AI output is prone to hallucinations and overconfi-
dent advice, and can produce output that fails to fulfill the
goals of its human users (Huang et al. 2023; Mahaut et al.
2024; Perković, Drobnjak, and Botički 2024). Despite the
rapid technological advancement in model performance, the
field has not settled on a standardized way of evaluating
LLM outputs that consistently aligns with human feedback.

Traditional NLP evaluation methods remain popular with
researchers, such as BLEU (Papineni et al. 2002), ROUGE
(Lin 2004), and METEOR (Lavie and Agarwal 2007). These
methods were originally developed as reference-based met-
rics for machine translation and are computationally cheap
to run. However, research shows that the metrics have poor
correlation with human judgments, and limited applica-
bility across various aspects of NLG quality assessments
(Novikova et al. 2017; Reiter 2018; Howcroft et al. 2020).
More contemporary metrics, such as BERTScore, have also
been shown in at least some applications to deviate widely
from human preferences (Zhang et al. 2019; Hanna and Bo-
jar 2021). SOTA advancements in self-evaluation techniques
show promise in prompting LLMs to catch some of their
own inconsistencies, as seen in Chain-of-Thought reasoning
(Liu et al. 2023) and LLM-as-Judge scenarios (Zheng et al.
2020; Verga et al. 2024); however, these methods do not yet
meet the bar set by human judges, nor do they show high per-
formance on all dimensions of analysis (Pavlovic and Poe-
sio 2024; Baris Schlicht et al. 2024; Chen et al. 2024; Raina,
Liusie, and Gales 2024; Thakur et al. 2024).

Despite the field’s push toward fast, automated metrics
and unsupervised tasks, human judgments remain integral
tools of model training and evaluation (Gabriel and Ghazavi
2021). Human labeling tasks arise when end users need to
agree with the decisions made by ML models, e.g. in toxic-
ity detection, image classification, or abstractive summariza-
tion. There are several methodological techniques that have
been proposed for infusing human preference judgments
into ML modeling. For example, RLHF allows the modeler
to gather large-scale human preferences during model train-
ing, but is limited to a single-dimension preference paradigm
(Christiano et al. 2023). The Constitutional AI framework
forgoes directly gathering human preferences, relying on a
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self-supervised reward model where the AI trains itself us-
ing self-critiques and revisions (Bai et al. 2022).

Such frameworks aim to provide methodological solu-
tions to preference integration, but fail to answer core ques-
tions posed by the alignment community: Whose values and
norms are being encoded in AI systems? And whose values
and norms should these systems be aligned with? (Bergman
et al. 2024) Community-oriented frameworks for collecting
diverse perspectives for AI alignment have made strides in
advancing practices to ensure fairness and representation in
AI (Kirk et al. 2024). However, these approaches are limited
in their scalability due to their resource-intensiveness.

This paper proposes a methodological framework to iden-
tify when resource-intensive alignment methods will offer
the greatest return on investment. It also provides rigorous
quantitative methods drawn from the social and biological
sciences that can be used to evaluate the alignment perfor-
mance of ML models. These methods help to fill a gap in the
literature, which lacks a widely accepted standard for quanti-
tatively analyzing human-preference data and for evaluating
human-alignment performance of ML systems (Card et al.
2020; van der Lee et al. 2021).

The paper is structured as follows. We first propose meth-
ods for disentangling noise from signal in labeling tasks.
We show that noise in labeling disagreement can be mini-
mized by adhering to proven methodological best practices,
while signal in labeling disagreement can be maximized to
play a foundational role in model training and evaluation.
We then describe the analysis challenges posed by evaluat-
ing subjective content and propose concrete ways in which
researchers can arbitrate disagreements that arise in labeled
data. These suggestions can be integrated into strategies for
generative AI content evaluation that promotes alignment
between technical functionality and user-centric goals. This
alignment is essential to promoting the development of trust-
worthy and effective AI systems. We conclude with a case
study that exemplifies a model selection process supported
by alignment with human feedback.

Disagreement As Noise or Signal
Most labeling tasks are subject to annotator disagreement.
Even for seemingly objective or simple tasks, some inter-
annotator disagreement will be observed due to unavoidable
human limitations such as participant attention deficits, an-
notation guideline unclarities, and participant or administra-
tor errors (Reidsma and Carletta 2008). In these cases, the
disagreement can generally be resolved by identifying and
fixing the mistakes, and/or by clarifying or improving the
task methodology. We refer to this type of uninteresting dis-
agreement as noise, which we define as any unwanted vari-
ation that obscures the true label of a piece of data.

In contrast to uninteresting disagreement that results from
human or methodological error, annotator disagreement can
alternatively stem from inherent properties of the labeling
task. Such cases arise when annotators must draw on their
personal belief systems and experiences in order to complete
a labeling task. In these instances, we classify the disagree-
ment as signal, and argue that labeling disagreements be-
tween annotators should be captured and analyzed.

In the next section we discuss competing approaches in
the literature to handling annotator disagreement. We argue
that tensions between various approaches can be resolved
by recognizing that labeling tasks fall on a spectrum of sub-
jectivity. By identifying where a particular task falls on this
spectrum, researchers can make an informed decision about
how to approach disagreement in their task.

Disagreement As Noise
Existing literature provides a range of strategies for handling
disagreement as noise; these task strategies assume that all
items in the task have a single objective label that annota-
tors are identifying. As such, strategies rely on using inter-
annotator agreement scores to first identify task items that
show disagreement. The approaches then diverge on how
they recommend treating these specific items once the dis-
agreement has been identified.

One approach is called the source-filter model (Uma et al.
2021). Source-filter models resolve annotator disagreement
by aggregating over noisy labels to produce a single “true”
gold label. A common way of aggregating differing judg-
ments is to use a ‘majority wins’ system, in which the most
common label given to an item is treated as the ground-truth
label, and all other labels are discarded.

Another common aggregation method is a harmonization
approach. This process can vary in complexity. It may in-
clude strategies for breaking ties, procedures for annotators
to thoroughly discuss each instance of disagreement, guide-
lines for a tie-breaker annotator to make an independent
judgment, or any combination of these methods (Basilea
2020). For example, a harmonization approach for the cre-
ation of gold summaries is favored when a researcher ex-
pects disagreement, but still requires a single, high-quality
reference text for analysis reasons.

Another approach to treating disagreement as noise is to
use inter-annotator agreement as a proxy for how “hard” a
particular item is. Items that fall over some particular dif-
ficulty threshold can then be excluded from the training or
evaluation set, or set aside in a separate training or evalu-
ation set (Reidsma and op den Akker 2008; Beigman Kle-
banov and Beigman 2009). The critical assumption of all of
the approaches discussed in this section is that annotation
labels uncover some single, latent parameter in the data that
has been obfuscated by disagreement.

Disagreement As Signal
Even before the recent advances in LLMs and the ensuing
focus on value-alignment of large-scale models, there has
been a growing amount of research focused on capturing
rather than discarding disagreement in machine learning la-
beling tasks. Research on capturing annotator disagreement
shows that labeling variation can be a valuable signal to be
integrated into model training and/or evaluation (Reidsma
and op den Akker 2008; Plank, Hovy, and Søgaard 2014;
Jamison and Gurevych 2015; Peterson et al. 2019; Basilea
2020; Basile et al. 2021; Fornaciari et al. 2021; Uma et al.
2021). Similar to the treatment of disagreement as noise,
there is a range of approaches in the literature for treating
labeling disagreement as signal.
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One extreme argues for using all data that is received in
a labeling task (Basilea 2020). This approach follows the
view that labeling in subjective tasks relies on participants’
internal beliefs and experiences, and therefore no annota-
tor response is more or less valid or correct than any other.
However, this approach fails to consider that there is always
noise in labeling data, and that while some disagreement is
interesting, some is not.

Another extreme is to treat disagreement as signal, but to
not consider “truly” subjective tasks (Uma et al. 2021). The
argument for this approach is that subjective cases present
the most serious challenge to the very idea of a “gold label”,
and that any labels assigned in these tasks are therefore ul-
timately arbitrary in nature. However, the advent of LLMs
has demonstrated that researchers cannot exclude truly sub-
jective tasks, as these tasks constitute a large part of the cur-
rent work in the field of generative AI. Moreover, we dis-
agree with the view that labeling differences in these types
of tasks are due to arbitrariness. Differing responses in sub-
jective tasks reflect the different experiences, preferences,
and beliefs of the people responding; these subjective prefer-
ences can be captured and used to improve the performance
of ML and AI models more broadly (Bakker et al. 2022).

Defining Subjectivity
We have argued that even seemingly simple evaluation tasks
often show annotator disagreement due to noisy task charac-
teristics and human error. In some cases, however, disagree-
ment is due to true ambiguities in the data and/or individual
differences in the latent variables under study.

For example, say researchers are building a classifier that
distinguishes evaluative religious content from factual con-
tent. It can be expected that different people will have dif-
ferent mental models of what constitutes religious speech.
Three example sentences below illustrate this point. Exam-
ple (1) contains concepts associated with religion, but it is
also a statement of fact. We expect high agreement from an-
notators labeling (1) as factual speech. Example (3) makes
an overt evaluative claim about which religions are the most
peaceful; we expect high agreement from annotators label-
ing (3) as evaluative religious speech. Example (2) is more
subtle; its language is not overtly evaluative of religion, but
it does use religion-associated concepts to express a subjec-
tive opinion, which overall could be construed as religious
speech. We expect disagreement between annotators about
whether (2) is an example of evaluative religious speech.
We also expect this disagreement to be correlated with geo-
graphic and demographic properties of the annotators them-
selves.

1. Easter is a Christian holiday.
2. The pure misery in these men’s eyes is heartbreaking.

Bless them!
3. The most peaceful religions come from India, like Bud-

dhism, Jainism, etc.

We explain the differing disagreement behavior by ob-
serving that these task examples exist on a scale of subjec-
tivity, from 1 (least subjective) to 3 (most subjective). Such

subjective tasks are common in the ML space, including in-
trinsic summarization labels, e.g. “What is a good meeting
summary?” and sentiment analysis, e.g. “What is political
speech?” The remainder of this section explicates the con-
cept of subjectivity in labeling tasks.

One defining characteristic of subjective tasks is that there
is no annotation schema that can exhaustively define the con-
cepts to be labeled without sacrificing ecological validity.1
A cautionary tale is given by Potter and Levine-Donnerstein
(1999), who recount a tale of researchers at UCLA who cre-
ated a labeling task classifying TV shows into discrete cate-
gories of violence. Focusing intently on achieving high inter-
annotator agreement, the researchers ended up with curious
results. An exemplar oddity was a result classifying Amer-
ica’s Funniest Home Videos in the same category of violence
as the action crime show Walker Texas Ranger, a view un-
likely to be shared by many members of the TV viewing
public. While the study achieved high internal agreement,
it failed to be useful as a meaningful representation of the
views of the population it was purportedly studying.

Instead of relying on detailed conceptual definitions in
their annotation schema, subjective tasks should rely on peo-
ple’s knowledge of primitive concepts: concepts that the ma-
jority of people understand, but that are difficult to define
with precise parameters. These tasks, like legal criteria for
obscenity, tend to fall into the “I know it when I see it” bin.2
As such, reasonable people can and should be expected to
disagree about at least some labeling choices in these tasks.
It follows then that there is no single correct label to any in-
dividual item that we as researchers can uncover by asking
people to find patterns in the data.

The expectation of valid disagreement raises the question
of how researchers identify ground truth in subjective tasks.
To answer this question, we provide the answers to three
sub-questions:

1. What role does disagreement play in model evaluation?
2. Who do you ask to do the labeling, and how do you know

if their answers represent the relevant population?
3. How do you quantify disagreement in responses?

We argue that disagreement should play different roles
in model analysis depending on the nature of the task it-
self. We classify ground truth tasks into one of three buckets
on a scale from objective/observable to subjective/abstract,
adopting the scale of subjectivity provided by Potter and
Levine-Donnerstein (1999). This ontology of tasks provides
a tool for delineating when disagreement in tasks reflects
noise – and should be resolved – and when disagreement
reflects signal – and should be preserved.

Manifest content tasks are those in which the data being
gathered are surface-level observable; e.g. word counts in a
document or video length in seconds.
Latent pattern content are those tasks that can be well-
defined in annotation guidelines, but are still expected to

1Ecological validity is a measure of the extent to which a
study’s results generalize to a population, or real-world context.

2See Supreme Court Justice Potter Stewart in Jacobellis v. Ohio.
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produce some reasonable disagreement; e.g. in image classi-
fication there can be true ambiguities about whatever is be-
ing shown in a particular image.
Latent projective content consists of truly subjective tasks;
these are tasks in which participants need to access their per-
sonal backgrounds, experiences, and beliefs in order to com-
plete the task; e.g. identifying sexist or political language.

For manifest content tasks, which are objective or con-
crete, we expect the task and annotation process to uncover
a single truth: for example, there are n many counts of the
name ‘Susan’ in a particular document. Disagreement in
these tasks is likely to mean that some response has devi-
ated from the true label. This type of disagreement is merely
obscuring the task signal and should be minimized.

As we move toward latent pattern and latent projective
tasks, and toward more subjective or abstract content, we ap-
proach tasks that do not contain a single true label that can
be uncovered during the annotation process. These are tasks
in which participants need to access their personal back-
grounds, experiences, and beliefs in order to identify pat-
terns in the data. Because people’s experiences and judg-
ments differ, we expect the response data to contain a distri-
bution of responses that reflect those differences. Disagree-
ment in these tasks are signal, and should be captured and
used in evaluation and analysis.

Solutions
In the previous section we laid the foundation for an ontol-
ogy of subjectivity in labeling tasks. The present section pro-
vides practical solutions for applying this ontology in sub-
jective tasks. We first outline strategies to minimize noise in
labeling data by focusing on replicability in data collection
and on the use of statistically and methodologically rigorous
analyses. We then provide methods for maximizing signal in
labeling data by ensuring proper data sampling techniques
and appropriate analysis methodologies.

Minimizing Noise in Annotation Tasks
To evaluate subjective tasks effectively, we must disentangle
sources of noise from sources of signal in data displaying
disagreement. We have argued that disagreement should be
treated as signal in subjective tasks involving latent pattern
or latent projective content; however, we cannot assume that
all disagreement in such tasks is signal. There is also likely
noise introduced into the data due to human error, attention
deficits, and annotation ambiguities. To minimize the risk of
confusing noise in disagreement data for signal, we recom-
mend two strategies: (1) set up achievable, repeatable anno-
tation environments; and (2) use methodologies backed by
science and statistics.

Set Up Achievable, Repeatable Annotation Environ-
ments When gathering human judgments or annotations
for a task, it is necessary to set up conditions for annota-
tors that are reliable and consistent. Annotation schemes and
tasks should be clear, unambiguous, and easily executable.
Annotation tasks should be set up with realistic tools, pro-
cesses, and guidelines that can be reliably repeated from

session to session and from annotator to annotator. Internal
validity of the task is maximized by ensuring that the cod-
ing schema and the instructions are internally consistent and
clearly defined.

It is also important to calibrate the work and expecta-
tions of the participants, and to train them thoroughly on
the task before they begin. This may require one or more
rounds of a practice task, which helps calibrate participants’
understanding of the main task, and where the researcher
may be available to answer questions or provide feedback
on task specifics. When participants are faced with tasks that
are long and/or complex, the risk of introducing errors due
to fatigue rises. These errors can be minimized by keeping
tasks relatively short, or by having participants work in small
chunks that decrease task complexity.

Care should also be taken not to over-complicate the
task guidelines or try to exhaustively define vague concepts.
Rules that are too rigid can negatively influence annotators’
decision-making processes, making it hard to capture the
real-world understanding that participants bring to the task.
Instead, it is more effective to rely on people’s knowledge
and intuition about primitive concepts, as discussed above.

Use Methodologies Backed by Science and Statistics
Minimizing noise in data requires adhering to methodolo-
gies that are backed by science and research. Once an effec-
tive and reliable annotation framework has been established,
attention should be paid to ensure that the task setup is right
for the data collection design. This can be accomplished by
running small-scale pilot studies and examining any result-
ing disagreements. Are these disagreements due to errors in
the task design? Are they due to mistakes or ambiguities in
the annotation schema? Can disagreement be mediated by
clarifying the task further, or is the task truly reliant on an-
notators’ appeal to their personal judgments?

Appropriate methods should also be used when deciding
on the correct analysis for the collected data. Inter-annotator
agreement scores should be used for analyzing agreement
between multiple annotators, and not percent agreement.
Cohen’s Kappa is applicable if the number of annotators is
2 (Cohen 1960); Fleiss’ Kappa is appropriate for ≥2 anno-
tators if all items are seen by all annotators (Fleiss and Co-
hen 1973), and Krippendorff’s Alpha for ≥2 annotators if
not all items are seen by all annotators (Watson and Petrie
2010; Krippendorff 2013). Analyzing results with the cor-
rect methodologies also requires knowing the properties of
the task data. For example, are the data categorical, ordinal,
or interval? Are the analysts assuming a normal distribution
and, if so, is that assumption justified? Knowing the answers
to these types of questions before creating the final task will
help define the appropriate methods and tests to use for task
set-up and for analyzing results.

Maximizing Signal in Annotation Tasks
Setting up a subjective task for success requires considera-
tions of both sample size and sampling method. These con-
cepts answer the second question posed above: Who do you
ask to do task labeling, and how do you know if their an-
swers represent the relevant population?

27395



Research has shown that NLP as a field suffers from a
general lack of reporting of sample sizes in publications.
When sample sizes are reported, a large majority of tasks are
significantly underpowered, meaning that the sample sizes
were too small (van der Lee et al. 2019; Card et al. 2020;
van der Lee et al. 2021). Running underpowered studies
greatly increases the likelihood of incorrectly rejecting the
null hypothesis (Type I error) or failing to reject an incor-
rect null hypothesis (Type II error), elevating the risk that
researchers will report unsubstantiated or biased results.

Sample size decisions intersect with task subjectivity
specifically due to the variation in responses expected in
subjective tasks. Calculations of sample size include es-
timates of the standard deviation (or spread) of the data.
Therefore, as a very general rule of thumb, the more dis-
agreement that is expected in a task, the greater the sample
size that is required. However, sample sizes that are larger
than required incur unnecessary added time and cost. Prac-
tical code for calculating sample sizes for labeling tasks has
been made available to the community, and can be found in
Card et al. (2020) and Chang et al. (2023).

Sampling methods refer to how participants are selected
from a population to participate in tasks. Responses to sub-
jective tasks will vary depending upon who is sampled to
participate. The dimensions (e.g. demographic, geographic)
along which we expect responses to vary will depend on the
specific task. For example, we expect the responses to the
toy subjective task we set up earlier to vary among people
who: attend church regularly vs. those who do not, live in
the southern United States or speak a regional Southern di-
alect, identify as Christian vs. those who do not, and po-
tentially by different age, nationality, and education level.
Identifying the dimensions along which annotator responses
are likely to vary allows a researcher to create a representa-
tive sample of annotators for a task. Sampling methods have
been extensively studied in the social sciences literature; the
interested reader could begin with Grove et al. (2009).

Quantifying annotator disagreement using correct
methods will maximize signal in subjective tasks. Recent
meta-analyses within NLP show that published papers in the
field rarely report their task designs or evaluation analyses
(van der Lee et al. 2019; Card et al. 2020; van der Lee et al.
2021). Additionally, the majority of papers included in the
meta-analyses do not appear to use any form of statistical
significance testing to support their claims. Failure to report
on experimental design and analysis methods renders ex-
ternal evaluation of the researchers’ claims impossible, and
prevents any efforts to duplicate results.

Best practices for quantitative analysis depend upon how
disagreement is treated within a particular task. If a design
uses harmonization or other aggregation of disagreement to
achieve a consensus, standard hard metrics such as F1, ac-
curacy, and precision and recall with bootstrapped confi-
dence intervals can be used as performance metrics and to
compare ground-truth annotation labels to model label re-
sults. For designs that capture disagreement, these hard met-
rics are inappropriate. Instead, soft metrics such as cross-
entropy or Jensen-Shannon divergence over probability dis-
tributions should be used, as these methods provide a more

nuanced understanding of annotator and model differences
(Lin 1991; Peterson et al. 2019). For measures of how well
the model captures human uncertainty, normalized entropy
similarity (cosine similarity over entropy vectors) and en-
tropy correlation metrics (Pearson correlation over entropy
vectors) allow researchers to quantify the degree of variabil-
ity in the judgments (Uma et al. 2021).

Case Study: Aligning a Classifier Model With
Subjective Human Judgments

We evaluated two candidate classifiers under consideration
for a guardrails feature at a major technology company in
the USA. Candidate models were tested on their ability to
block undesirable input data from reaching an LLM-based
Ask Me Anything (AMA) feature. Blocking these data pre-
vents the AMA feature from responding to questions that
could yield inappropriate, biased, or unprofessional content
in a business setting. We show that the two candidate mod-
els demonstrate low agreement on a controversy-based test
dataset. To inform model alignment with end user prefer-
ences, we performed a human alignment study whose re-
sults were fed back into model evaluation to inform optimal
model behavior in the end feature.

Model Evaluation Using Subjective Data
Materials Data were taken from human-generated ques-
tions in the PRISM dataset (Kirk et al. 2024).3 The dataset
was chosen because it contains questions that human partic-
ipants evaluated as values-based and/or controversial. These
types of questions fall outside the standard toxicity testing
performed on LLM-based features, and therefore require in-
dependent testing to ensure end-feature behavior aligns with
the desired use case.

Analysis and Results Cohen’s Kappa inter-rater reliabil-
ity (IRR) statistic was used to compare agreement between
the two guardrails models (Cohen 1960). Cohen’s Kappa co-
efficient is appropriate when two annotators are being com-
pared on categorical label decisions. IRR scores fold chance
agreement into their equations and provide a more accu-
rate and interpretable representation of rater agreement than
overall percentage agreement. For example, two annotators
labeling a single two-choice item at random will agree about
50% of the time; with three labels, chance agreement is
33%. Cohen’s Kappa coefficient ranges from -1 (complete
disagreement) to 1 (complete agreement), with a score of 0
indicating the level of agreement expected by chance. This
interpretation holds regardless of how many categories are
available as label options.

Our design uses the two candidate guardrail model out-
puts as annotators, and measures their agreement. Cohen’s
Kappa was computed using the irr package in RStudio
(Gamer, Lemon, and Singh 2019). We found a kappa value
of .0937, showing very low to slight agreement between
models. The kappa score is shown in Table 1.

3PRISM human-written texts are licensed under CC-BY-4.0 li-
cense. No model responses from the dataset were used.
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Cohen’s Kappa
Subjects Raters Kappa
7795 2 0.0937

Table 1: IRR score for classifier models 1 & 2

Model 1 Model 2 count
False False 6720
False True 988
True False 23
True True 64

Table 2: Model labeling results on controversial dataset.
True labels indicate the model classified an input as con-
troversial; False indicates it did not.

McNemar’s Chi-squared test was performed to determine
whether the difference in labeling between the two models
was significant (McNemar 1947). McNemar’s test is appro-
priate when testing differences between the proportions of
two paired categorical variables. In the current analysis, this
is represented by a single set of categorical data labeled by
two models. McNemar’s test was computed with the stats
package in RStudio (R Core Team 2013). Results indicated
a statistically significant difference between the labeling of
the two models, χ2(1, N = 7795) = 919.18, p < .001.

Discussion The two classification models showed low
agreement on the data. Specifically, we see that Model 2 is a
more conservative model, flagging 988 questions that Model
1 failed to flag, shown in Table 2. Aligning ground truth la-
bels with Model 2 would thereby create a more conservative
feature. However, we want to avoid creating an overly con-
servative model that blocks legitimate user queries. Aligning
ground truth labels with the more liberal Model 1, however,
risks letting through controversial and unsafe queries.

Aligning Model Behavior with Human Preferences
To evaluate which classifier behavior aligns with our use
case goals, we sampled from the disagreement distribution
of the two classifiers for a user-preference study.4 Because
our goal is to choose the model that most closely matches
our users’ expectations and preferences, we sampled partic-
ipants from our distribution of feature users.

Materials Materials for the study consisted of a sample
of 50 data points (questions) on which Model 1 and Model
2 showed disagreement. Due to Model 1 being a more le-
nient model, all data points were cases in which Model 1 la-
beled the data points as False, and Model 2 labeled the data
points as True. Participants in the study were asked to iden-
tify whether each question required a subjective or value-
based response. The categories were defined as follows:

4Note that here we use this methodology to inform classifier
model choice; however, preference data can also be utilized during
classifier model training, as discussed above.

• Subjective responses: Questions whose responses ex-
press personal opinions rather than objective facts. Per-
sonal opinions include any speculative language and any
assertions over which reasonable people would disagree,
such as political opinions not directly rooted in fact.

• Value-based responses: Questions whose responses are
dependent upon a person’s personal value-system, such
as moral or ethical claims, or claims based on religion.

Each survey question had three response options: Yes,
Maybe, and No. All participants were trained on the task
with an example question and a practice question before be-
ginning the actual task. Each participant saw ten total ques-
tions as well as a control question, which tested whether
participants understood the task and served as an attention
check. A sample survey question is given in Figure 1.

Figure 1: Example question from human alignment task

Participants Human preference data were gathered via a
survey created on the Qualtrics platform and distributed on
the crowd-sourcing platform Prolific. Eighty-six participants
were recruited. Six participants failed the attention check
and their results were excluded, resulting in 80 total partic-
ipants. The survey took under 10 minutes and participants
were paid $4.00. Demographic filtering tools allowed us to
align our participant pool with distributional properties of
the end users of our feature. We required participants in the
survey to be fluent English speakers, between the ages of 21-
80, have an undergraduate degree, and be located within the
United States, Canada, Ireland, the United Kingdom, Aus-
tralia, or New Zealand. Gender identification distribution
was controlled to be evenly split.

Analysis and Results Krippendorff’s Alpha IRR coeffi-
cient was used to compare agreement among survey partic-
ipants. Krippendorff’s Alpha is the appropriate statistic to
use when two conditions are met: there are 2 or more an-
notators labeling categorical data, and not all annotators la-
bel all data points (Krippendorff 2013). Similar to Cohen’s
Kappa, Krippendorff’s Alpha ranges from -1 (complete dis-
agreement) to 1 (complete agreement), with a score of 0 in-
dicating the level of agreement expected by chance. Krip-
pendorff’s Alpha was computed using the irr package in
RStudio (Gamer, Lemon, and Singh 2019). We found an al-
pha value of .21, indicating slight to fair agreement among
participants. The alpha score is shown in Table 3.
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Krippendorff’s Alpha
Subjects Raters alpha
50 80 0.21

Table 3: Participant inter-annotator reliability score

The survey response variables were then treated as divi-
sions of a natural scale representing the latent variable of
subjectivity: Yes (1), Maybe (2), No (3). We took the mean
of the responses to each individual question in the dataset
(mean n=16), resulting in a set of 50 scores, one for each
question in the dataset.5

The mean ratings by item are given in Figure 2, which
shows a density plot of the human preference scores for in-
dividual survey items in light blue. The distribution of scores
shows a mostly unimodal distribution with the greatest den-
sity centered around 1.4, with a slightly smaller increase in
density around 2.6. This indicates that the distribution of
items scores is skewed toward Yes responses.

Figure 2: Mean ratings by item. n obs.=800, n items=50

In the subsection Maximizing Signal in Annotation Tasks,
we argue that sufficient sample sizes are needed to ensure
that task results accurately represent the population under
study. In Figure 2, we show our full sample consisting of
800 data points in light blue. Additional colors indicate vari-
ous sub-samples of the full dataset, sampled at n = 100, 300,
and 600 items. The figure visually illustrates that as the sam-
ple size increases, the results converge to the distribution of
the full sample in light blue. The full sample approximates
the population distribution of scores, meaning that the re-
sults of the full sample represent what we would find if we
surveyed our entire population of users. We show this effect
to demonstrate the incorrect conclusions that can be drawn
if a study is conducted with too small of a sample size.

5The number of observations per question varied within 1-3
obs. due to removal of participants who failed the control question.

Discussion Our results show that the bulk of questions in
the study were judged by human annotators as requiring a
subjective or values-based response. We conclude that par-
ticipants were conservative in their judgments of the data.
This conclusion regarding the distribution of responses in-
forms our decision about which classifier, Model 1 or Model
2, demonstrates the preferred behavior that will most closely
align with the preferences of our end users. Because Model
2 is the more conservative model (blocking more of the rel-
evant data), it is the better choice for our use case.

Conclusions

Throughout this paper we have argued that when end users
must agree with the decisions made by an ML model, it is
crucial that the model has been trained and evaluated using
data that reflect users’ expectations and preferences. Achiev-
ing this requires sampling from the population distribution
of end users and end data, recognizing the properties of the
data being utilized, properly setting up a task that can pull
apart signal from noise, and choosing the right analysis to fit
the data. We show that noise in labeling disagreement can
be minimized by adhering to proven methodological best
practices, while signal in labeling disagreement can be max-
imized to play an integral role in model training and eval-
uation tasks. We also illustrate best practices by providing
a case study in which two guardrails classifiers were eval-
uated with human judgments to align final model behavior
to user preferences. We have aimed for this paper to provide
researchers and professionals with general guidelines to in-
tegrating human judgments into their ML and generative AI
evaluation toolkit.

Our methods are limited in two main ways. First, our
methodology is most effective when the researcher has
knowledge of the properties of their user base, e.g. knowl-
edge of which demographic groups will use a model or
its end feature. Second, survey methods are subject to the
practical challenges of sampling target populations. While
crowd-sourcing platforms have aided researchers in reach-
ing a broader population, such platforms are not yet repre-
sentative of country-wide populations and are not a replace-
ment for narrow community targeting.

In this paper we do not attempt to solve the impor-
tant problem of fairness and representation in large-scale
AI models. However, our methodological framework can
assist in identifying the tasks in which community-based
value-alignment frameworks provide the most return on in-
vestment, which are those tasks that we identify as latent-
projective content tasks. We furthermore demonstrate quan-
titative tools that researchers can use to evaluate the human-
value or human-preference alignment of a particular ML
model before it is used in production. More broadly, we
hope that our recommendations will interweave with exist-
ing methods for ensuring fairness and value-alignment in AI
by allowing researchers to maximize the value of resource-
intensive methods and to more easily evaluate their impact.
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