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Large Language Models (LLMs) are changing how we generate text, from
drafting emails to answering customer queries. Yet anyone who's deployed
an LLM-powered application knows there's a potential content quality
problem: these models can produce output that sounds fluent but may be
factually wrong, unhelpfully vague, culturally insensitive, or misaligned with
expert knowledge.

Recent research from Stanford University found that leading commercial
LLMs produce factual errors in more than a quarter of their outputs when
generating content requiring specific domain knowledge. These errors create
substantial business risk, from damaged reputation and eroded user trust to
potential legal exposure.

The stakes are high, and a chatbot's confident false claim or a tone-deaf
translation can erode user trust and even lead to legal trouble.

Making sure that LLM-generated content ticks the boxes of correctness,
usefulness, and appropriateness is now a primary challenge for Al developers.

But how can we systematically evaluate and guarantee the quality of LLM
outputs? This report presents a clear solution: a four-part human-focused
content assessment framework focused on

» Factual accuracy verification
» Helpfulness metrics

* Cultural relevance checks

» Expert validation processes

Structuring evaluation around these four pillars helps you catch the most
common failure modes of LLMs—from hallucinated facts to subtle biases—
before those issues reach end users.

More importantly, we pinpoint why human feedback is the linchpin of this
framework. Automated metrics and even Al-based evaluators have their
place, but real people provide the context and perspectives that algorithms
alone don't currently match.

In the sections that follow, we dive into each part of the content quality
framework and explain why it matters while giving you concrete tips for
implementation.

Finally, we outline how to put it all together using Prolific to:
 Validate content accuracy at scale
» Reduce time-to-market while maintaining high standards
» Access diverse expert perspectives

» Establish reliable content quality metrics for your LLM-powered
applications

Let's make sure your Al's outputs are as trustworthy, helpful, and inclusive as
they are impressive.
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https://www.lawnext.com/2024/05/stanford-will-augment-its-study-finding-that-ai-legal-research-tools-hallucinate-in-17-of-queries-as-some-raise-questions-about-the-results.html

How to do factuality

Framework for
comprehensive LLM
content assessment

Effective evaluation of Al-generated content demands a
structured approach that examines multiple dimensions of
quality simultaneously. While there's often an exclusive focus
on grammatical correctness or stylistic elements, the most
successful verification frameworks address four critical areas:
factual accuracy, helpfulness, cultural relevance, and expert
validation. It's a multilayered approach that helps content meet
both technical accuracy standards and practical user needs.
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Factual accuracy
verification

Factual accuracy verification is the process of checking whether
the information an LLM produces is true and supported by real-
world knowledge. Even advanced LLMs can "hallucinate” and
generate content that looks plausible but is untrue or unfounded.

For example, a model might claim that “penguins are native to
the Sahara Desert,” a statement that a knowledgeable person
immediately recognizes as incorrect. These factual errors can
range from small mistakes (like wrong dates or names) to
dangerous falsehoods in high-stakes domains (e.g. incorrect
medical or legal information).

Ensuring factual accuracy is foundational. An output that isn’t
grounded in truth can mislead users and undermine the credibility
of your application. In fields like medicine and law, even minor
inaccuracies can have significant consequences, leading to
misinformation or erosion of user trust.


https://arxiv.org/html/2402.02420v2#:~:text=Hallucinations%20occur%20when%20LLMs%20produce,arise%20when%20the%20model
https://welodata.ai/enhancing-llm-performance-how-human-raters-shape-smarter-ai/#:~:text=Factual%20accuracy%20of%20LLM%20responses,and%20erosion%20of%20user%20trust
https://welodata.ai/enhancing-llm-performance-how-human-raters-shape-smarter-ai/#:~:text=Factual%20accuracy%20of%20LLM%20responses,and%20erosion%20of%20user%20trust

An Al product is
only as good as
the truth of its
content. In practice,

that means having
robust verification
steps for every piece
of information we

present to users.

Why it matters

LLMs don't truly "know" facts; they predict plausible text
based on training data. They might state incorrect information
with an aura of confidence, especially if prompted for specifics.
Users, however, often assume the Al is giving them reliable
facts. A well-documented case occurred in 2024 when an
airline’s chatbot gave a customer an incorrect policy detail with
complete assurance, which led to a real legal dispute when the
customer acted on that false information.

Such incidents show that factual mistakes aren't just academic
errors and can have tangible business and legal repercussions.
Catching and correcting factual errors is therefore a top
priority in maintaining quality. As a point of view, an Al product
is only as good as the truth of its content. In practice, that
means having reliable verification steps for every piece of
information we present to users.

How to assess factual accuracy

The most effective way to verify facts involves bringing humans
into the loop with clear verification tasks. Automated fact-
checkers and knowledge-graph lookups can help, but they
often miss subtle errors or lack coverage. Human reviewers can
read an LLM's output and use common sense or research skills
to confirm each claim.

Approaches include:

Claim checking

Break complex outputs into individual factual claims. For each
claim, have reviewers verify it against trusted sources (e.g.
research papers, news articles, domain databases) or their
own knowledge.

For example, if an LLM-generated summary of a news article
states a GDP figure or a historical date, ask reviewers to check
that detail against the source material. A divide-and-congquer
approach ensures no fact escapes scrutiny.

Cross-verification and consensus

Use multiple independent reviewers for important facts. If three
out of four people flag a claim as likely false, that consensus is
a strong signal of an error. Conversely, if all reviewers agree a
statement is correct, you gain high confidence in its accuracy.
By aggregating responses, you reduce individual bias and
mistake rates, bolstering data quality.

Reference requirements

Ask reviewers to provide a brief justification or reference for
their judgment. For instance, a reviewer checking an LLM
answer about a medical guideline might cite a recent study

or an official recommendation as evidence that the model’s
content is correct (or not). Requiring evidence not only improves
the reliability of the feedback but also helps identify the source
of truth for later analysis.
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https://www.ayadata.ai/everything-you-need-to-know-about-ai-hallucinations/#:~:text=Customer%20Service%20Failures
https://machine-learning-made-simple.medium.com/amazons-new-framework-for-assessing-human-evaluations-in-llms-ce9c39413fcb#:~:text=High%20Task%20Complexity%3A%20Cognitive%20Overload

How to do factuality

Implementing factual accuracy
verification with Prolific

Prolific is ideally suited for scalable fact-checking. You can recruit
a large, diverse group of participants at speed to serve as fact
verifiers. With Prolific's screening tools, you can even select
Domain Experts (e.g. a background in healthcare, STEM, coding,
and more) to tackle domain-specific facts. We've also built a
specialized pool of Al Taskers who have demonstrated strong
reasoning and fact-checking skills through tailored assessments.

These qualified participants excel at tasks like “identifying
factual errors with evidence-based corrections”, meaning they
can reliably spot inaccuracies in model outputs and back up their
judgments with references.

Using this pool means you can submit batches of LLM responses
(such as answers, summaries, or claims) and get quick verification
feedback. Prolific's large participant base, combined with our Al
Task Builder—which lets you upload and manage large-scale LLM
response datasets seamlessly—ensures thousands of factual
claims can be efficiently distributed, evaluated in parallel, and
returned far quicker than traditional in-house review cycles.

What you get is a faster approach with high-quality verification
data delivered at speed. And because Prolific’s contributors are
vetted and bot-free, you can trust that the fact-check data you
receive is authentic and of high integrity.
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https://www.prolific.com/domain-experts
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Helpfulness
metrics

Beyond correctness, we need to evaluate how useful and
user-centric an LLM's output is. Helpfulness refers to the
degree in which the Al's response addresses the user's needs
and intentions in a clear, effective manner.

An answer can be factually accurate yet still unhelpful if

it's convoluted, incomplete, or tone-deaf to what the user
asked. For example, if a user asks “"How do | reset my router?”
and the LLM gives a five-paragraph essay on the history

of routers without actually providing reset instructions, the
response isn't helpful. A helpful answer would directly explain
the reset steps in plain language, maybe with bullet points
for clarity. Key factors that define helpfulness include:

Clarity: Is the response easy to understand, without
jargon or ambiguity?

Conciseness: Does it get to the point without unnecessary
filler?

Relevance: Does it actually answer the user's question
and stay on topic?

Completeness: Does it provide enough detail or
actionable steps to fully solve the user's problem?

Instruction Following: If the user request had specific
instructions or format (e.g. “in three sentences” or “provide
an example"), did the output obey those instructions?

A helpfulness evaluation judges the output on these criteriq,
often yielding a score or rating. For instance, human raters
might rate an answer on a scale from one to five for overall
helpfulness, or they might tag specific issues (like "irrelevant
content” or "too wordy") that reduced the answer’s utility.
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https://welodata.ai/enhancing-llm-performance-how-human-raters-shape-smarter-ai/#:~:text=What%20is%20Helpfulness%20in%20LLMs%3F

How to do factuality

Why it matters

In the end, an Al system exists to serve its users. Even if an
LLM'’s content is factually flawless, it won't delight users
unless it's delivered in a helpful way. In user studies, people
consistently prefer responses that are concise and relevant,
and they get frustrated with answers that feel like they dodge
the question.

Poor helpfulness can lead to user
dissatisfaction or low adoption of an

Al feature. Moreover, helpfulness ties In the end, an Al system
closely into Al alignment goals. One exists to serve its users.
aspect of aligning Al is making sure it Even if an LLM's content
helps the user achieve their aim. is factually flawless, it
Companies like OpenAl explicitly train won't delight users
models to be more helpful (alongside unless it's delivered in a

being honest and harmless) by using helpful way.
human feedback. As evidence of
industry focus, reinforcement learning
from human feedback (RLHF) often
optimizes a reward model that scores outputs on helpfulness,
among other traits.

Assessing helpfulness effectively, however, is a challenge.
Metrics like BLEU or ROUGE measure how well an Al-
generated response matches a reference text, but they

can't evaluate subjective aspects such as user satisfaction

or relevance. These automated metrics lack the nuance to
determine whether a response genuinely meets a user’s needs.

Retrieval-Augmented Generation (RAQ) is one method that
addresses factual accuracy and, indirectly, helpfulness by
integrating external, verified information directly into Al
responses. While RAG greatly enhances the reliability of
generated content, it doesn’t eliminate the need for human
assessment.

Only human evaluators can reliably judge if an answer is
truly helpful and contextually appropriate, reinforcing why
a combined approach—integrating technical techniques
like RAG with human judgment—is essential for consistently
delivering valuable, user-centric Al content.
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https://arxiv.org/abs/2005.11401

How to measure helpfulness

The primary tool here is human ratings and
feedback from representative users or testers. You
want to simulate the experience of a user reading
the Al's output and asking: “Did this help me?”

There are a few practical ways to do this:

Rating scales

Present the prompt and the LLM'’s response to
human evaluators and have them rate helpfulness
(e.g.1=not at all helpful, 5 = extremely helpful).
To make this concrete, you might define anchors
for the scale: "1 star: The answer is off-topic or
useless; 5 stars: The answer is perfectly on point,
clear, and solves the problem.” If evaluating
conversational agents or assistants, you could also
ask multi-dimensional ratings (helpfulness, clarity,
thoroughness separately) to get granular insights.

Comparative judgments

Often, it's easier for people to say which of two
answers is more helpful. If you're evaluating
improvements or comparing models, you can show
two outputs side by side for the same question
and ask which one the evaluator prefers and why.
An A/B testing approach can be insightful for fine-
tuning systems. Indeed, many teams use pairwise
comparisons to directly optimize models.

Follow-up questions or success criteria

Another angle is to ask the human evaluator if
they would be satisfied with the answer or if they'd
need to ask another question. You could simulate
a user’s next step: "After reading this answer,
would you feel your issue is resolved? If not, what's
missing?"” This yields qualitative feedback on how
to make the answer more helpful (such as “It didn't
mention how to save the settings after resetting
the router”). Such feedback can be looped back
into model improvements or used to define what a
"helpful” answer should include.

Implementing helpfulness
metrics with Prolific

Prolific lets you target participants who match
your application’s user profile. For example, if your
Al tool is aimed at English-speaking healthcare
professionals, you can filter specifically for Prolific
participants who speak English and have verified
experience in healthcare or related medical fields.

The feedback you get reflects your actual end-
users. Studies have shown that human judgment
remains a key component for evaluating qualities
like helpfulness and correctness in LLM outputs.

Prolific gives you thousands of these judgments
quickly. We support rich free-text responses in
addition to numerical ratings, so testers can
explain their ratings in detail. This is valuable for
understanding nuances (e.g., a response might get
a 3/5 because “it answered the question but the
tone was a bit condescending”). These insights
help you not only score the model but improve it.

By using a large, diverse group of raters, you also
make sure that your helpfulness metric is solid.
Different people might have different expectations;
by taking an average or identifying common
complaints, you get a reliable overall measure.

Prolific's large pool (over 200k participants) and
more than 300 demographic filters means you

can also check helpfulness across subgroups.
Maybe your model's answers are very helpful to
expert users but too jargony for novices—you'd
discover that by segmenting evaluators by domain
knowledge.

Yes, you're collecting ratings, but the right ratings
from the right people. And with Prolific's fast
turnaround (most studies complete within two
hours on average), you can integrate helpfulness
evaluation into your development sprints without
slowing them down. Many teams schedule Prolific
feedback sessions immediately after deploying a
new model version, so they can quickly gauge if
helpfulness improved or regressed.

08



How to do factuality

Cultural
relevance
checks
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Cultural relevance (and sensitivity) checks involve reviewing LLM
outputs so they are appropriate, inclusive, and respectful across
different cultures and social groups. It's a facet of content quality
that looks beyond just factual correctness or general helpfulness
and asks:

+ Could this response inadvertently offend or exclude someone?

» Does it align with social norms and values expected by the
user’s culture?

As Al content reaches global audiences, these questions are
essential. Cultural checks typically cover factors like avoiding
stereotypes or slurs, using correct tone and formality for the

context, and acknowledging diverse perspectives.

In practice, this might mean verifying that a translation doesn’t
carry over idioms that are rude in the target language, or that
a content summary about world history isn't Eurocentric by only
highlighting Western viewpoints. It's about making the Al's
output respectful and relevant to whoever might read it.

Why it matters

LLMs are trained on vast swaths of the internet, which
unfortunately include biased or insensitive texts. Without checks, a
model might produce subtle biases (e.g. assuming a doctor is male
and a nurse is female in a story) or even overtly offensive remarks
if triggered by certain prompts. There have been instances

where Al systems displayed biases against certain dialects or
demographics, reflecting inequalities in their training data.

Not only is this a moral and
ethical concern but also a user

experience issue: users from Our point of view is that
different backgrounds may Al products should treat
find an Al's output ignorant diversity and inclusion as

or offensive if these issues ﬁrst_clqss quqhty metriCS,
aren't addressed. A culturally not afterthoughts.

insensitive mistake can quickly
lead to public backlash.

On the other hand, demonstrating cultural competence and
inclusivity in Al outputs can be a strong trust-builder. For
companies operating in multiple regions, cultural relevance is a
quality dimension just as important as accuracy.

In short, an Al that “gets it right” culturally will engage more users
and avoid harmful missteps. Our point of view is that Al products
should treat diversity and inclusion as first-class quality metrics,
not afterthoughts.



How to perform cultural
relevance checks

The best practice is to use a diverse set of human
reviewers to evaluate content for any cultural or
social issues. You might have:

Diversity in reviewers

See to it that your evaluation pool includes people
from different cultural backgrounds, languages,
and demographics relevant to your user base.
They will catch issues that a homogeneous group
might miss.

For example, an idiom or reference in an Al-
generated marketing copy might seem fine to a
U.S.-based reviewer but could be confusing or
off-putting in the U.K. or India. Having locals from
each target region review the content gives you
insights into how it reads in their cultural context.

Checklist for bias and tone

Provide reviewers with a checklist or rubric

of things to flag. This can include categories

like biased assumptions (e.g. gender or racial

bias in content), offensive language or slurs,
inappropriate humor or idioms, respect for
traditions (e.g. avoiding religious insensitivity),
and localization issues (like using the correct units,
date formats, or honorifics for the locale).

For instance, if evaluating a translation, ask:

“Does this translation use phrases that are natural
in the target culture? Does it inadvertently use any
phrasing that carries a double meaning or insult?”

Scenario testing

Pose user prompts that explicitly test cultural
boundaries or sensitive topics, and examine the
outputs. Try asking the LLM to summarize an event
from the perspective of different communities
(“summarize this news article for a teenage
audience in Japan” vs “...for an older audience in
the US") and see if it adapts appropriately.

Or test potentially problematic queries (“Tell a
joke about X nationality”) to ensure the model
either responds respectfully or refuses if it would
be offensive. Human reviewers can judge if the
model’s handling of these is acceptable and
culturally considerate.

Implementing cultural relevance
checks with Prolific

Prolific’s strength in this area is a large, diverse
participant pool spanning numerous countries

and languages. You can recruit participants from
specific locations or who speak specific languages
to review outputs in their mother tongue.

Let's say your Al writes social media posts for a
global brand. You might run a Prolific study with
separate groups of participants in different regions,
each reviewing the posts intended for their region.

They could flag any phrasing that doesn't sit right
locally. Because Prolific allows you to easily filter
and target demographics, you can set up these
checks without the logistical headache of hiring
individual consultants in each country. This speeds
up what used to be a slow process of localization
review - again aligning with faster time to data.

Moreover, Prolific's representative sampling
features help ensure you're covering various
demographics. If you're concerned about gender
bias in your Al's output, you can make sure there's
a balanced mix of male, female, and non-binary
reviewers.

If your application will be used in a multicultural
context (say, an educational tool used in schools
across the world), you can gather a panel of
reviewers that reflects that diversity. These humans-
in-the-loop will spot issues like toxic language, bias,
or cultural blind spots that automated tests might
never catch.

As researchers have noted, diverse human
evaluators can assess whether model outputs
“respect different cultures, traditions, and
sentiments” and identify “traces of toxicity or
insensitivity”. This human-centric approach is how
Prolific ensures data quality matters not just in
numbers, but in values and ethics.

The platform’s commitment to ethical, well-sourced
data means you're getting good-faith feedback
from people who are treated well and take their
task seriously. That's crucial for something as
nuanced as cultural evaluation.



o do factuality

Expert
validation
processes

1

The final pillar of the framework is expert validation—having
subject matter experts review and approve (or annotate)

the LLM'’s outputs, especially for specialized or high-stakes
content. While the first three parts (accuracy, helpfulness,
cultural fit) can be handled by well-informed general reviewers
or target users, some content demands an expert’s eye.

For instance, if an Al is summarizing medical research or
giving financial advice, you want a doctor or financial analyst,
respectively, to double-check
that content. Expert validation
can take many forms: it might

be a final sign-off step where Expert validation is the
an expert simply reads the quality assurance layer
output and marks it OK or not. that uses deep domain

Or it could involve detailed knowledge
feedback where experts
correct errors and provide the
“ground truth" answer for any mistakes (creating high-quality
labeled data for future model training). Expert validation is the
quality assurance layer that uses deep domain knowledge.




Why it matters

Al application developers often find that while
crowd workers or general users can catch obvious
issues, nuanced domain-specific errors slip through
without experts. For example, an LLM-generated
summary of a clinical trial might look plausible to

a layperson but contain a subtle misinterpretation
that a medical professional would notice.

Or a legal answer chatbot might get the broad
strokes right but miss a jurisdictional detail that
only a lawyer would recognize. If these errors go
unchecked, they can be dangerous. In regulated
industries (health, law, finance), having expert
oversight is often not just best practice but a
compliance requirement.

Moreover, involving domain experts helps in
establishing reliable content quality metrics: their
input can serve as the “gold standard” to calibrate
other evaluators. In fact, a common approach is to
have experts review a sample of outputs to create
a golden dataset of correct outputs, which can
then be used to train automated evaluators or to
benchmark the model’s performance over time.

Domain experts also help refine evaluation criteria.
They can tell you what really matters in a given
domain. Human experts provide the final word

on ambiguous cases and continuously refine the
model’s evaluation criteria. Their perspective helps
keep your evaluation process realistic, meaningful,

and focused on more than just surface-level metrics.

How to run expert validation

Depending on the domain, this could mean
recruiting professionals (doctors, lawyers,
statisticians, etc.) or highly educated individuals
(PhDs in a field, for example) to review content.
Strategies include:

Targeted expert review

Identify which outputs need an expert check. Not
every response requires a PhD to look at it, and
perhaps only a subset of responses (like those
tagged as high uncertainty or those related to
critical topics) are escalated to experts. A two-
tier system is created: general reviewers filter

the easier content and flag difficult cases, then
experts handle the tricky ones.

Blind review and correction

Have experts independently review outputs
without seeing the model's sources or intentions,
to judge the content on its face value. Ask them
to mark any errors or provide corrections. This
can turn into a high-quality training dataset. For
example, a set of LLM-generated math solutions
could be sent to math teachers, who mark them
right or wrong and write the correct solution for
the wrong ones. You now have a superb corpus for
evaluating the model or training a better one.

Expert panels or consensus

Sometimes even experts disagree (think medical
diagnoses or legal interpretations). In such cases,
you might use a small panel of experts and require
a majority agreement or a consensus discussion on
whether the content is acceptable. This is relevant
when there's subjectivity or evolving knowledge in
the domain. Capturing expert discussions can be
valuable to refine guidelines. If experts frequently
debate whether something is correct, that's a sign
the evaluation criteria might need clarification or
the question posed to the model was ambiguous.



How to do factuality

Implementing expert validation
processes with Prolific

Integrating expert validation into your content
assessment becomes significantly easier with
Prolific's Domain Experts. Our rigorously verified
pool of specialists gives you immediate access to
genuine expertise across areas such as healthcare,
STEM, programming, and languages, providing
reliable evaluations at speed.

Using Domain Experts, you can target the specific
backgrounds and professional knowledge your
project demands. Whether you need medical
professionals to review clinical data, STEM experts
to verify scientific content, or language specialists
for nuanced translation reviews, our verification
processes guarantee that participants have
authentic and validated credentials.

Our flexible approach to expert engagement
streamlines your validation workflows. Instead of
committing substantial resources to contracting
consultants or dedicating internal experts to
lengthy review cycles, you can distribute tasks
efficiently among multiple Domain Experts. For
instance, rather than relying on a single physician
to review an extensive medical dataset, you could
engage several verified medical professionals
simultaneously, obtaining thorough, aggregated
insights rapidly.

With Prolific's Domain Experts, your team benefits
from specialized human judgment delivered with
unmatched speed and precision.
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https://www.prolific.com/resources/introducing-domain-experts-evaluate-and-annotate-your-ai-with-verified-experts?utm_campaign=92370130-Domain%20Experts%20-%20Announcement&utm_medium=email&_hsenc=p2ANqtz--WE0lsms0kALQV40r_yMj8XyI-Icw5pB7ODZTrQzRU1JiFnaFhOGj-QbA-e2duMDo14x9B4e_PkPm80eW1dTl8IouRzg&_hsmi=2&utm_content=2&utm_source=hs_email

Human-in-the-loop
evaluation with Prolific

1. Define clear
evaluation criteria

Start by translating each of the four quality
pillars into specific criteria or questions for
evaluators. For factual accuracy, you might
define criteria like “Is the statement true?” or
“Does the answer contain any incorrect facts?".

For helpfulness, criteria could include clarity,
relevance, completeness (as discussed). Cultural
relevance might involve a checklist of sensitivities
to review, and expert validation might simply be
overall correctness within a domain. Write these
down and, importantly, make instructions crystal
clear for your human reviewers. Ambiguous
quidelines can lead to inconsistent evaluations

If you're asking people to rate "helpfulness,”
provide examples of what a helpful vs. unhelpful
response looks like. Investing time in clear
guidelines will pay off in better data quality from
the crowd.

2. Choose the right
reviewers via Prolific

For each type of evaluation, select participants
that best match the needs:

* Factual checks: Consider Prolific's general
pool, Al Tasker pool or Domain Experts for
high reasoning skills. These participants
are adept at fact-checking and can handle
complex evaluation tasks.

» Helpfulness: Use target end-users. If your
app is consumer-facing, a general audience
might suffice; if it's for a niche (say, marine
biologists), use screeners to find people
with that background so they can judge
helpfulness in context.

* Cultural: Deliberately sample from diverse
regions and backgrounds. Prolific lets you set
up multi-sample studies (e.g., 50 participants
from North America, 50 from Asiq, etc.) or
you can run separate studies per locale. Take
advantage of the 300+ pre-screening filters
to get the diversity you need.

» Expert review: Use prescreening and custom
screening to find the experts. You might start
by a broad filter (e.g. PhD holders, or people
in a certain profession) and then include a
verification question in the study (e.g., ask a
medical knowledge question only a doctor
would know). Those who pass can be trusted
as your expert panel for that task.

Tip: You can maintain a list of high-performing
participants (a custom Allow list or participant
Prolific) who have done well in past evaluations.
Over time, this becomes your go-to team of
trusted raters, a bit like an external QA team
you can summon on demand.

14


https://machine-learning-made-simple.medium.com/amazons-new-framework-for-assessing-human-evaluations-in-llms-ce9c39413fcb#:~:text=Vague%20or%20incomplete%20instructions%20are,want%20precision%20in%20your%20answers
https://machine-learning-made-simple.medium.com/amazons-new-framework-for-assessing-human-evaluations-in-llms-ce9c39413fcb#:~:text=Vague%20or%20incomplete%20instructions%20are,want%20precision%20in%20your%20answers
https://researcher-help.prolific.com/en/article/30b7cb

How to do factuality

3. Design task workflow
and interface

In your Prolific study setup or via an integrated
survey tool, design how you will present the LLM
outputs and collect evaluations. Some tips:

Keep each evaluation task focused

If checking factual accuracy, you might show one
question plus answer and ask a few verification
questions. If doing multi-criteria scoring (accuracy,
helpfulness, etc. all at once), be mindful of
cognitive load; you may need to provide the text
in an easily referable format (like a fixed side
panel) and clearly section the questions.

For complex content, consider task decomposition.

For example, for a long essay output, you might
ask one set of reviewers to fact-check it and
another set to rate its helpfulness, rather than

burdening the same person with doing everything.

Use conditional logic if needed

If a reviewer marks “factual error present,” you
can prompt them to describe it. Or if an answer is
rated low for helpfulness, ask what was missing.
Conditional feedback provides richer data
without overloading those giving high ratings.

Ensure anonymity and independence

Each reviewer should work independently to
provide unbiased feedback. Prolific naturally
handles this by assigning tasks to individuals, but
avoid any design where reviewers can see each
other’s responses or might be influenced.

4. Pilot test and refine

Before rolling out to hundreds of evaluators, do
a small pilot (say 5-10 people) on Prolific. Review
the feedback: Are the instructions yielding the
kind of responses you expected? Are reviewers
interpreting the rubric correctly?

You might discover, for instance, that many
reviewers are confused about whether to fact-
check minor details or not. Use this insight to
tweak your instructions or task design. This
iterative refinement embodies the idea that
data quality matters—you may need a couple of
iterations to ensure your evaluation data is truly
reliable. Prolific's fast turnaround means you can
run a pilot and get the results at speed.
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5. Scale up and integrate
into workflow

Launch your full evaluation with confidence in

the design. When results start coming in (often
within minutes), monitor for any obvious issues or
clarification questions from participants. Once the
study is complete, you'll have a wealth of structured
feedback. Integrate this into your development
process:

Compile the scores or ratings into a report

or dashboard

You might track the average factual accuracy
score and helpfulness score of each new model
version. Establish benchmarks and see if changes
improve those scores over time (this is your content
quality metric baseline).

Analyze qualitative feedback for patterns
Maybe several users will note that an answer
was “too terse”. That's a signal to adjust the
model’s style. Or experts might each point out
the same recurring error, highlighting an area for
model retraining.

Set up automation where possible

You can use Prolific’s API to trigger evaluations for
each new model build, and get the results fed into
your CI/CD pipeline reports. Some teams even treat
failing a certain quality threshold as a “failed test”
that blocks a release, just like a failing unit test
would. This keeps humans in the loop in a scalable,
repeatable way.

Throughout this process, Prolific is your ally in

speed and quality. Need 200 responses overnight
to make a go/no-go decision for a launch? Prolific
can deliver that, as studies typically complete within
a couple of hours with a large active user pool.

Need high-fidelity data? Prolific’s features like
attention checks and the ability to remove low-
quality respondents ensure you're left with
trustworthy evaluations. And you're never sacrificing
the human element, as every piece of feedback
comes from a real person, giving you confidence
that your metrics align with real-world expectations
("humans in the loop, always” in spirit and practice).



Conclusion:

Making it factual

Evaluating LLM-generated content quality is
a multifaceted challenge. But with the right
framework and tools, it's absolutely
surmountable. By systematically
verifying factual accuracy, measuring
helpfulness, checking cultural
relevance, and involving expert
validators, Al developers can
holistically assess and improve their
models’ outputs.

with human needs.
It's the surest path
to Al that is not
only intelligent, but
trustworthy and
user-friendly.

This four-part framework acts as a
safety net and a feedback engine:
it catches errors and biases while
also feeding rich insights back into
model development. The common
thread across all four parts is the
indispensable role of humans. As
advanced as Al judges or automatic
metrics may become, they can still struggle with
nuance, context, and value judgments. Human-in-
the-loop evaluation provides the ground truth and
empathy that keep Al aligned with human needs. It's
the surest path to Al that is not only intelligent, but
trustworthy and user-friendly.

Prolific amplifies this approach by making human
feedback faster, easier, and more scalable than

ever. Faster access to data doesn’t mean cutting
corners on quality. With Prolific, you get both speed
and quality by tapping into a diverse, on-demand
human workforce. And whether you need a hundred
everyday users or a handful of seasoned experts, the
principle is the same: real people are there to help
refine your Al ("humans in the loop, always”).

Human-in-the-loop
evaluation provides
the ground truth
and empathy that
keep Al aligned

As you implement this framework, remember that
it's not a one-off task but an ongoing practice.
Continuously measure, learn, and
iterate. Over time, you'll likely
automate parts of the process
(perhaps your models will get good
enough to fact-check each other

to some extent), but the human
checkpoint remains vital for catching
the unknown unknowns. By treating
content quality evaluation as a
first-class component of your Al
development cycle, you de-risk

your deployments and build better
products. In fact, you turn quality into
a competitive advantage, and users
will notice when your Al provides
accurate, helpful, and culturally aware
responses consistently.

The path to high-quality LLM content is paved with
careful assessment and human collaboration. With
the four-part evaluation framework as your map
and Prolific as your engine for human-in-the-loop
feedback, you can navigate the complexities of LLM
outputs more confidently.

The end result is Al content you and your customers
can trust, delivered faster and better. In the new era
of Al, data quality matters more than ever. Keeping
humans at the core of your evaluation process
ensures your Al never loses sight of the people it's
meant to serve.

Get started today with Prolific or
contact sales to discuss your needs.
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