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Abstract

Artificial intelligence (Al) models trained on large corpora must prioritize some information over others. Distilling vast data
into simple user-friendly representations can lead to a prioritization problem, in which large Al models neglect crucial informa-
tion in their outputs. This prioritization problem manifests for newsfeed-ranking algorithms and generative Al such as large
language models (LLMs). This paper discusses two flavors of this problem: (I) models trained to prioritize coherence or
engagement may inadvertently prioritize misleading information over accurate information, and (2) models trained to prior-
itize prevalent information will underrepresent the heterogeneity of voices, reflecting cultural perspectives that dominate the
training data. The prioritization problem can critically undermine knowledge, but it is not inevitable. Policymakers can address
the prioritization problem by modifying the training material, training objectives, institutional safeguards, and messaging

around large Al models.
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Social Media

Large AI models simplify vast data by prioritizing some
voices over others. Prioritization can pose a problem when
models are trained on engagement or coherence rather than
accuracy, and when prioritization homogenizes culture.
New policies can address this problem.

Key Points

e Large Al models—like generative language models and
newsfeed-ranking algorithms— are trained to distill vast
high-dimensional data into simpler representations.

e Distillation requires prioritizing some information
over others. While prioritization is inevitable, it can
foster two knowledge problem.

e First, training models to prioritize coherence or
engagement can inadvertently undermine accuracy.

e Second, training models to prioritize prevalent informa-
tion homogenizes cultural perspectives and emphasize
the voices of groups that dominate the training data.

e Academics and industry professionals can address the
prioritization problem by creating culturally heteroge-
neous training materials, incentivizing variation
during the training process, and making the model-
building process more democratic and transparent.

Humans have long used institutions to compress complexity.
Markets compress preferences, democracy compresses political

opinions, and university degrees compress qualifications. In
recent years, however, large artificial intelligence (AI) models
have emerged as a novel form of information compression
(Farrell et al., 2025). Large Al models are a new generation
of Al built on deep neural network architecture. Their design
gives them the capacity to reorganize and reconstruct large
training datasets in transformative ways, thereby changing
how people access and interpret information (Mitchell, 2020).

Large Al models are trained to compress their high-
dimensional training data into simpler representations,
which are lossy (incomplete, selective) but useful (Farrell,
2025; Farrell et al., 2025; Vaswani et al., 2017). For
example, when someone asks a Large Language Model
(LLM) “Why is the sky blue?” the model provides a
concise explanation such as “air molecules scatter the
Sun’s shorter wavelength blue light more than its longer-
wavelength red light.” It does not enumerate every possible
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scientific detail, nor does it list the full range of mythological
or historical answers that humans have given. The same prin-
ciple applies to social media feed-ranking algorithms, which
must sift through millions of possible posts and comments
and then present just a handful on a user’s screen, reducing
overwhelming informational complexity into a simple, diges-
tible feed (Gillespie, 2018).

In providing a single or limited set of answers, Al systems
engage in a process of simplification that necessarily involves
prioritization. Models must decide which information is most
relevant, which explanations to highlight, and which perspec-
tives to omit (Vaswani et al., 2017). Although this prioritiza-
tion process is core to the function of many commercial
models, it can have negative consequences. First, when
models prioritize, they can inadvertently prioritize compati-
ble but inaccurate content. Second, when models prioritize
prevalent information over rare information, they can empha-
size the voices of groups that dominate their training materi-
als, and homogenize cultural diversity.

These are two flavors of the “prioritization problem’:
defined here as the tension between trying to simplify complex-
ity and trying to maximize accuracy and heterogeneity. The fol-
lowing sections describe these two manifestations of this
problem in more depth, and discuss why they can undermine
knowledge. The final section provides policy insights into
how to mitigate these consequences and incentivize better
large Al models. Figure 1 provides an overview of the paper.

Prioritizing Coherence and Engagement:
Consequences for the Accuracy of
Knowledge

Al prioritization becomes a problem for knowledge when the
training objectives of Al models are misaligned with the crite-
rion of factual truth. For instance, LLMs are trained primarily
to speak fluently and convincingly, not to verify the correct-
ness of the information they produce (Devlin et al., 2019;
Radford et al., 2018). Similarly, recommender systems are
optimized to maximize user engagement, not to ensure the epi-
stemic reliability of the content they promote (Brady et al.,
2023). Judged against their designed goals, such systems
perform remarkably well. But when evaluated against the stan-
dard of factual accuracy, their outputs often fall short, because
truth was never their direct optimization target.

Prioritizing Coherence Leads to LLM Hallucination

In LLMs, emphasizing coherence results in hallucinations—
fluent but factually inaccurate statements (Ji et al., 2023).
Hallucination arises throughout model training, probably
because training and evaluation procedures reward guessing
over acknowledging uncertainty (Kalai et al., 2025). LLMs
are therefore incentivized to produce fluent and confident
statements that are wrong over producing uncertain

statements (Gibney, 2025; Huang et al., 2025; Kalai et al.,
2025). Hallucination poses a range of applied problems.
For example, in the case of Al companions designed to
provide emotional support, fabricated content could
mislead vulnerable users who rely on such systems for guid-
ance, thereby undermining trust, exacerbating psychological
distress, or prompting harmful decisions (Smith et al., 2025).

Hallucination is an especially common problem in
domains where knowledge is rapidly evolving (e.g., recent
political events), copyright restricted (e.g., new novels or
paywalled research), or infrequently discussed (e.g., rare dis-
eases) (Huang et al., 2025). In contrast, LLMs tend to hallu-
cinate rarely when they describe well-documented events like
the 9/11 terrorist attacks, which makes them good tools for
breaking people’s conspiracy theories involving these
events (Costello et al., 2024). Hallucinations can also arise
because large Al models do not reason. This lack of reason-
ing can lead LLMs to gravitate towards the most probabilistic
reproductions in their training data rather than weighing evi-
dence or reasoning toward a justified conclusion (Loru et al.,
2025; Mitchell & Krakauer, 2023).

Prioritizing Engagement Leads to Misinformation on
Social Media

Newsfeed-ranking algorithms can make similarly problem-
atic prioritization decisions because of the mismatch
between their training objectives and accuracy. The ultimate
goal of these algorithms is to keep people engaging with the
social media site so that they can maximize advertising
revenue (Brady et al., 2020). To do this, newsfeed-ranking
algorithms are trained to prioritize high-engagement posts,
where engagement is measured through likes, shares, and
time (i.e., spending time reading) (Brady et al., 2023).
These high-engagement posts disproportionately feature
three content themes: intergroup conflict, morality, and
emotion, what are jointly called “IME” content (Brady
et al., 2023). For example, a recent post on X by Marjorie
Taylor Greene described COVID-19 vaccines as “deadly,”
claiming that “The American people deserve to know the
truth.” This post not only appealed to the vaccine skepticism
in Greene’s political in-group; it also framed vaccines as a
moral peril, making it moralistic and emotional (Brady
et al., 2017; McLoughlin et al., 2024).

By disproportionately promoting posts that have IME
content, engagement-based algorithms may foster inaccurate
perceptions, leading people to think IME content is more
prevalent than it actually is. A recent study found evidence
for this idea by tracking how one generation of participants
engaged with social media posts through liking, sharing,
and dwelling, and then training a simple engagement-based
algorithm to sort a second generation’s newsfeed based on
engagement (Brady et al.,, 2025). The engagement-based
feed-ranking algorithm increased in-group praise and out-
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Figure I. A Schematic of the Prioritization Problem and its Policy Solutions. A) Large Al models transform information by prioritizing
certain information. B) Prioritization creates two problems—accuracy and heterogeneity—arising from misaligned training goals. C)
Prioritization problems can be addressed via micro-level (e.g., improving the diversity of training materials, realigning training objectives,
post-training adjustments) and macro-level reforms (e.g., institutional regulation, democratization, and re-aligning the role of Al).

group blame content by over 400% (from under 10% to about
40% of the feeds) from the first generation to the second gen-
eration when it was trained on users’ likes and shares, even
when it had no explicit intent to promote divisive content
(Brady et al., 2025). A naive user who infers social norms
on the platform based on the content in the second generation
will think that platform users are much more likely to engage
in out-group blame than they really are.

By fostering misperceptions of IME discourse norms,
newsfeed-ranking algorithms could also undermine adaptive
norm change. Humans update their behavior through con-
formist transmission, copying what they perceive to be the
prevailing norm (Henrich & Boyd, 1998). In many cases,
this is adaptive. For example, driving on the same side of
the road as everyone else will help someone avoid traffic
accidents. But when norm perceptions are inaccurate, con-
formist transmission could undermine adaptation. In Brady
et al. (2025), people who read the generation 2 newsfeed
believed that dialogue was more moralistic, emotional, and
divisive than it really was, leading them to misperceive the
acceptability of expressing moral outrage (Brady et al.,
2021). This could explain why moralistic language is rising
on social media faster than it is rising in other online
spaces (e.g., in online news) (Puryear, 2025).

Prioritizing engagement can also directly contribute to the
spread of misinformation. When people post misinformation
that evokes moral outrage, these posts drive greater engagement,
and misinformation is subsequently promoted by feed-ranking
algorithms, giving it more attention across the population of
the platform (Brady et al., 2023). In a recent study of over 1
million Facebook links and 44,000 tweets, misinformation
was more likely to spread than trustworthy information when
it evoked moral outrage (McLoughlin et al., 2024).

Prioritizing Prevalence: Consequences for
the Heterogeneity of Knowledge

Prioritization can risk compromising knowledge even when
Al models are trained with no objective to promote engage-
ment or fluency. Machine learning models are trained on loss
functions that reward reproducing the most statistically prob-
able outputs and penalize deviations from dominant patterns
in the training data. By definition, this process creates a nar-
rowing of content, as the most likely patterns are prioritized
over less likely patterns. This narrowing has immediate prob-
lems for any kind of heterogeneity, including cultural diver-
sity, and may have downstream consequences for innovation
and problem-solving (Matz et al., 2025).
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Prioritizing Prevalence Leads LLMs to Emphasize
WEIRD Voices

LLM responses are a good example of this homogenization
problem. Trained on loss functions that reward accurate
token prediction (Brown et al., 2020; OpenAl et al., 2024),
these models systematically favor common continuations:
“have a nice” is almost always completed with “day,” not
“night.” While this produces fluent and reliable text, it also
means outputs are less heterogeneous than those of
humans. Expressions that are majoritarian in human societies
(e.g., 60% of people say A; 40% say B) can become unani-
mous in large language models. This is one barrier to replac-
ing human subjects with LLMs in psychological studies
(Dillion et al., 2023; Gerosa et al., 2024). Although LLMs
can produce point estimates that resemble humans, and
they underrepresent the heterogeneity of human opinions,
beliefs, and attitudes.

Prioritizing prevalence does not just have implications for
overall heterogeneity, but also has implications for whose
voices are lost when LLMs distill information.
Approximately 18% of the world’s population lives in a
country where English is an official language, and 5% of the
population speaks English as a native language (Lewis,
2009). Yet 46% of the common crawl is English (“Common
Crawl,” 2025). More Wikipedia articles appear in English
(~2.6 million) as in the next four languages combined
(German, French, Polish, and Japanese) (“Common Crawl,”
2025; Wikipedia, 2024). Since LLMs are mostly trained on
online corpora, their training data is disproportionately
English. Even the non-English training data mostly comes
from other wealthy Western countries (“Wikipedia,” 2024).

Because of biases in training data, content from
non-Western non-English cultures will thus be disproportion-
ately lost in LLMs that seek to prioritize prevalence. GPT’s
values most closely resembled those of populations in
Western countries (Australia, Canada, and Germany), and
far less those in countries (Libya, Pakistan, or Jordan)
(Atari et al., 2023). Moreover, GPT displayed a Western ana-
lytic style of reasoning, favoring functional classifications
over relational ones (Nisbett et al., 2001). As Al systems
expand into education, religion, and therapy (Jackson et al.,
2023a; Jackson et al., 2023b; Yam et al.,, 2023), such
biases may not only homogenize cultural perspectives but
also constrain how people conceptualize the world and them-
selves (Brinkmann et al., 2023; Choudhury, 2023; Glickman
& Sharot, 2025). The rise of generative Al poses a real risk of
making the world’s psychology even more WEIRD
(Western, Educated, Industrialized, Rich, and Democratic).

Prioritizing Prevalence Prevents New Ideas from
Spreading on Social Media

This problem of homogenization also applies to recom-
mender systems, though in a different form. Rather than

predicting words within a context, these algorithms minimize
loss functions tied to metrics such as clicks, likes, or dwell
time. The result is that posts or videos that are already
favored by a user are systematically elevated, and other
content is sidelined—constituting a homogenization process
(Brady et al., 2023, 2025; Glickman & Sharot, 2025).

A closely linked idea in the computer science of recom-
mendation algorithms is the “cold start” problem, in which
new content has little chance of being recommended
because it does not have historical interaction data (Lika
et al., 2014). This dynamic helps explain phenomena such
as filter bubbles and echo chambers, where users are repeat-
edly exposed to similar content and gradually lose sight of the
broader range of perspectives (Berman & Katona, 2020;
Cinelli et al., 2021). For instance, on platforms such as
Facebook and Twitter, algorithmically curated feeds foster
strong homophilic clusters, so that information circulates
mainly among like-minded users, amplifying polarization
compared to platforms such as Reddit (Cinelli et al., 2021).

Cultural Homogenization Has Broader Implications

This loss of heterogeneity may also poses a knowledge
problem (Messeri & Crockett, 2024). Multiple lines of
research show that heterogeneity helps people solve
complex problems and innovate on suboptimal solutions.
Psychologists have long recognized that “groupthink™ can
impair decision-making because it reduces creativity and
innovation (Janis, 1972). In sociology and cultural evolution,
similar perspectives have conceptualized knowledge as a hill-
climbing task where heterogeneity can help groups reach the
global optimum (Lazer & Friedman, 2007; Smaldino et al.,
2024). In simulations and experiments, when a group is
able to break into smaller clusters that work independently
to solve problems before pooling insights, they are better
able to find the tallest hill in the landscape (Centola, 2022;
Derex & Boyd, 2016). But when groups pool their insights
from the start, they often get stuck on local optima and fail
to find the best solutions (Smaldino et al., 2024).

However, in a world where large Al models are designed to
expose people to a culturally homogenous system of knowl-
edge, they systematically privilege majority patterns while fil-
tering out minority voices, thereby reproducing a form of
algorithmic monoculture (Kleinberg & Raghavan, 2021), dis-
couraging cross-cultural innovation. Writing with LLMs
reduces the diversity of generated content (Padmakumar &
He, 2024), and scholars warn that such “machine culture”
could erode cultural heterogeneity at scale (Brinkmann et al.,
2023). Subsequently, this lack of heterogeneity risks diminish-
ing functional diversity, inducing premature convergence in
problem-solving, and stifling the very heterogeneity that under-
pins creativity and innovation (Burton et al., 2024). In this
sense, the prioritization of Western-derived information in
LLM outputs constitutes a knowledge problem that constrains
the diversity on which effective problem-solving depends.
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Fixing the Prioritization Problem: How to
Incentivize Accuracy and Heterogeneity

How can we harness the benefits of large Al models for
knowledge management while minimizing the costs associ-
ated with prioritization? At first glance, readers may perceive
the prioritization problem as intractable: an inherent limita-
tion of large Al models. This interpretation, however, may
be overly pessimistic. The challenges described in this
article are rooted in the current training regimes of large Al
models. These regimes are not set in stone, but rather the con-
sequence of the incentive structures and governance arrange-
ments under which these systems have developed (Koch &
Peterson, 2024).

For decades, the Al industry has been rewarded dispropor-
tionately for benchmark performance and user engagement,
while accuracy, representativeness, and broader social welfare
have been systematically undervalued (Dattakumar &
Jagadeesh, 2003; Koch & Peterson, 2024). This misalignment
of incentives has produced algorithms highly effective at opti-
mizing narrow objectives, such as generating fluent text, max-
imizing clicks, or excelling on standardized benchmarks, yet
poorly suited to ensuring reliability, preserving epistemic diver-
sity, or fostering long-term innovation. Therefore, this misalign-
ment is better understood as an institutional problem than a
fundamental roadblock. Accordingly, changes in incentives,
training regimes, and governance could have positive effects
on the quality of Al-generated information.

Model-Level Policy Interventions

At the model level, one important avenue is to intervene on
training materials. Current LLMs are primarily trained on
data that overrepresent Western and English-dominant
sources, a bias that narrows the epistemic base from the
start (Brinkmann et al., 2023). Expanding training corpora
to include underrepresented languages, cultural traditions,
and minority perspectives would broaden the knowledge
landscape for the models (Choudhury, 2023). Another strat-
egy is to deliberately construct culturally specific sub-models
or fine-tuned variants, each trained on distinct corpora (Li
et al., 2024; Liu et al., 2025a; Xue et al., 2021). These sub-
models could be offered to users either separately or in
blended form, giving them the option to engage with multiple
epistemic traditions rather than receiving a homogenized
“average” output. Such diversification strategies would help
counteract the monocultural tendencies that arise when
models rely too heavily on a single global dataset.

A second set of interventions can take place at the level of
optimization objectives. Current training procedures over-
whelmingly reward models for producing the most probable
continuation, which by design privileges majority patterns
and sidelines minority ones. Adjusting the objective func-
tions to incorporate diversity-sensitive penalties and
rewards could help mitigate this tendency. For example,

loss functions could be modified so that models are not
only judged on accuracy in predicting common continuations
but also rewarded for preserving variation or acknowledging
their uncertainty (Kalai et al., 2025; Xu et al., 2018).

Beyond diversity and accuracy, optimization could
involve reasoning (Binz et al., 2025). Recent work such as
DeepSeek-R1 demonstrates that, by using reinforcement
learning to introduce new reward signals favoring consis-
tency, correctness, or strategic adaptation, models can
acquire reasoning abilities that go beyond reproducing the
frequency patterns of their training data (Guo et al., 2025).
Interventions of optimization objectives could be equally
useful for recommendation algorithms, which ensure that
users are exposed to a richer range of perspectives without
sacrificing usability.

The call to improve optimization objectives has been a
focus in computer science, with the goal of maximizing fair-
ness, trustworthiness, and responsibility in Al models. This
entails developing models that not only maintain high accu-
racy but also uphold ethical and equitable standards. Studies
in this vein have focused on three kinds of intervention: (1)
Causal learning: designing loss functions that encourage
models to identify causal relationships over mere statistical
co-occurrences, thereby grounding predictions in causal rea-
soning (Liu et al., 2025b; Wang et al., 2021); (2) Fairness and
robustness metrics: extending evaluation criteria beyond tra-
ditional accuracy measures to include metrics that capture
model fairness and robustness (Agarwal et al., 2018;
Gallegos et al., 2024); (3) Interpretable and transparent mod-
eling: develop Al models that provide transparent and com-
prehensive explanations for their internal processes and
outputs, promoting trustworthiness and responsible decision-
making (Fujiwara et al., 2024).

Beyond training, post-training corrections can act as a
further safeguard. Research on engagement-based algorithms
suggests that small adjustments, such as reducing the influence
of “super-posters” or deprioritizing toxic content at the end of
current engagement-based algorithms, can improve information
quality at low cost (Brady et al., 2023). Similarly, LLMs could
integrate corrective layers after training. For example, filters
could be designed to down-weight repetitive, homogenized
outputs, or to ensure that generated responses reflect multiple
cultural frames rather than converging on a single dominant nar-
rative (Welbl et al., 2021). Recent evidence also suggests that
even lightweight interventions such as prompt engineering
can enhance the cultural and contextual sensitivity of LLM
outputs, thereby increasing diversity without modifying
model parameters (Lu et al., 2025). Together, these examples
illustrate that technical fixes at the model level are not only pos-
sible but potentially highly effective.

Institutional Policy Interventions

Technical fixes at the model level can mitigate some chal-
lenges, but without macro-level governance reforms, such
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improvements are unlikely to scale or endure. History shows
that major technological revolutions, from the printing press
to electricity to the internet, have never automatically trans-
lated into broad social benefits. Each required complemen-
tary institutional arrangements to ensure that private
innovation served collective goals (Molho et al., 2024). Al
is no exception (Farrell, 2025). Left solely to market
forces, current incentive structures reward benchmark perfor-
mance and user engagement while systematically undervalu-
ing accuracy, representativeness, and broader social welfare,
which can hardly be changed spontaneously without proper
oversight or governance (Whittlestone et al, 2019).
Therefore, deliberate policy and governance mechanisms,
such as independent audits, transparency reports, embedded
detection systems, and new laws (Birhane et al., 2022;
Knott et al., 2023; Mokander et al., 2024) are needed to
provide critical information about how models are trained,
deployed, and used in practice, propelling the realignment
of common goods with the long-term trajectory of Al

A related problem is that the resources needed to develop
and deploy large models, such as compute, data, and techni-
cal expertise, are increasingly concentrated in a handful of
corporations and, in some cases, governments (Korinek &
Vipra, 2025; Widder et al., 2023). This concentration height-
ens the risk of algorithmic monoculture and undermines dem-
ocratic accountability (Chu et al., 2025; Kleinberg &
Raghavan, 2021; Koch & Peterson, 2024; Shiiku et al.,
2025; Summerfield et al., 2025). It also makes open
models, transparency, participatory governance, and public
investment in Al infrastructure essential for diversifying the
epistemic base of Al and reducing dependence on a narrow
set of powerful actors (Foffano et al., 2023; Gibney, 2022;
Kapoor et al., 2024). Put simply, macro-level intervention
is not optional but necessary to align Al development with
pluralism, reliability, and social welfare.

A final strategy is to situate large Al models within a more
appropriate social and epistemic niche. Current evidence
does not suggest that large Al models can independently gen-
erate fundamentally new knowledge; rather, their compara-
tive advantage lies in processing existing knowledge at
unprecedented scale (Farrell, 2025; Farrell et al., 2025). For
example, recent work shows that LLMs can take on multiple
roles in collective cognition, including acting as participants
in simulations, serving as interviewers to elicit responses,
functioning as environments for interaction, facilitating con-
sensus across groups, and analyzing large volumes of
unstructured data into quantifiable formats (Sucholutsky,
2025). These functions highlight Al’s strengths in organiz-
ing, synthesizing, and redistributing information, rather
than in producing novel insights on their own.

Appropriately deployed, large models can enhance how
humans manage, navigate, and recombine knowledge,
thereby indirectly fostering innovation (Lazar et al., 2025;
Shiiku et al., 2025). But this also means Al should not be
treated as a substitute for human reasoning, moral judgment,

or emotional support (Kobis et al., 2025; Montag et al., 2025;
Wang et al., 2025). Instead, its proper role is as a human com-
plement and collaborator: leveraging the speed and scale of
Al while leaving the generation of new knowledge to
human collectives. In short, societies should align AI’s eco-
logical niche with its strengths, using it to augment human
knowledge production without displacing it.

Conclusion

Large Al models have an unprecedented ability to compress
information into useful distillations. But this compression
involves prioritization decisions, which, if poorly designed,
can undermine the accuracy and heterogeneity of informa-
tion. Here we have shown how the prioritization problem
plays out in LLMs and Newsfeed-ranking algorithms on
social media. Left unchecked, these problems could fuel mis-
perceptions, bias, polarization, and stagnation of innovation.
Although these consequences are serious, they are not insur-
mountable. We view them as largely engineering and gover-
nance problems. Through improved training materials,
redesigned objectives, post-training safeguards, and suppor-
tive institutions such as open models, decentralized
resources, and participatory governance, we can harness the
power of large Al models to advance human welfare
without undermining knowledge.
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