nature computational science

Review article https://doi.org/10.1038/s43588-026-01038-1

Algorithmicsystems, humanagency and the
future of platformresearch

Homa Hosseinmardi'’ <, Upasana Dutta?, David Rothschild ® 2 &

Duncan J. Watts ® >4°

Received: 10 March 2026

Accepted: 14 July 2026

Published online: 21 September 2026
As the volume of online content grows exponentially, algorithmic curation

has become necessary for delivering content to billions of users daily,

such as viarecommendation and ranking algorithms. However, there are
widespread concerns that these algorithms amplify problematic content

or prioritize content that reinforces users’ existing beliefs. Although
legitimate, these concerns have overshadowed the role that users’ own
preferences play in determining these same outcomes. Here we argue for
amorebalanced approach to understanding online content consumption
and engagement that considers both algorithmic mechanisms and

human agency. We review the existing literature on the role of algorithmic
recommendation and users’ self-selection in the patterns of users’ online
diets and show that evidence linking algorithmic curation to problematic
outcomes isinconclusive. We highlight the gaps in the existing literature
and callfor the need for more large-scale data-driven empirical research and
experimentation, with the goal of refining the debate on the societal impact

% Check for updates

of digital platforms and providing a path for future research.

Algorithmic content curation is central to the functioning of modern
digital platforms, determining what content users see and do not see
online, aswellas the orderinwhichthey seeit. Leveraging user datasuch
as search histories, viewing behaviors, subscriptions, social connec-
tions and demographics, algorithmic systems are trained to predict and
recommend content tailored toindividual users. Ata high level, these
algorithms serve two broad purposes: the first is to rank the content
users encounter on homepages, search results or news feeds, and the
second is torecommend new content to which users have not yet been
exposed'*. Because ranking and recommendation systems are credited
with improving users’ experiences, they have become ubiquitous,
shapinghow billions of users interact with online environments daily.

Accordingly, alarge scholarly literature has emerged on the indi-
vidual and societal consequences of these algorithms® . The complex-
ity and opacity of machine-learning algorithms make it difficult for
users, regulators and even developers to understand their functionality
andimpact™. Combined with the vast scale and diversity of content on

modern platforms, this lack of transparency has prompted awide range
of concerns to be raised both about the technical features of recom-
mendation systems” " and also the intentions and business models of
the companies that own them'*%;

« Meta, X (formerly Twitter) and Alphabet faced scrutiny for facili-
tating the spread of Russian misinformation during the 2016 US
presidential election, prompting questions about their influence
on electoral outcomes'*,

» YouTubehasbeendescribed as ‘one of the most powerful radical-
izinginstruments of the 21st century’, duetoits alleged exposure of
userstoideologically extreme and conspiracy-laden content® >,

» Google has been criticized for perpetuating racial and gender
stereotypes through biases embedded inits search results’.

+ Facebook has been linked to declines in subjective well-being",
while Instagram has been accused of promoting bullying and
undermining the mental health of teenage girls** 2.
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- Xhas been cited for propagating hate speech and racist senti-
ments, potentially inciting real-world violence against minority
communities®.

« Theengagement-maximizing design of social media platforms—
such as autoplay, infinite scroll and algorithmic personalization
optimized for retention—has come under regulatory and legal
scrutiny, with European regulators classifying such features as
systemic risks under the Digital Services Act ¥ and US lawsuits
alleging that algorithmic recommendation systems have contrib-
uted to addictive use and mental health harms among minors®,

 Social mediaandsearchalgorithmsin general have beenaccused
of creating echo chambers® >~ also often referred to as ‘filter
bubbles™, in which individuals are steered toward like-minded
people or sources that reinforce existing beliefs, potentially
exacerbating political polarization® ¢ and undermining support
for democracy” .

Together, these critiques highlight widespread concerns about
the potential negative societal impacts of algorithm-driven systems. In
this Review we categorize these concernsinto two distinct but related
sets of problems. First, algorithmic systems may intentionally or unin-
tentionally promote ‘problematic content’'—defined as misleading,
harmful or otherwise undesirable material*>**. For example, inflam-
matory or polarizing videos on YouTube may receive disproportionate
algorithmic promotion simply because they retain viewers’ attention
longer than more balanced alternatives. Similarly, on platforms like
X, content generating high engagement—such as sensationalized
narratives or controversial opinions—may be amplified, potentially
biasing public discourse and elevating divisive voices. Exposure to
problematic content, however, should not be conflated with its effects.
While exposure can be measured through browsing or recommen-
dation data, downstream effects such as radicalization or attitude
change require separate evidence and may vary substantially across
individuals. Second, even when the content itself is not inherently
problematic, its selective presentation cansstill lead to adverse societal
effects. For example, if users predominantly engage with articles that
align with their existing beliefs, algorithms may amplify such content
to optimize engagement, leading to the aforementioned echo cham-
bers that limit exposure to diverse viewpoints®'%*4¢ Exacerbating
this problem, users in such echo chambers may make progressively
biased selections, whichthen further inform subsequent algorithmic
recommendations, creating a reinforcing cycle*”**in which individu-
als are driven toward increasingly homogeneous and potentially
polarizing equilibria***°.

Scenarios such as these are legitimately concerning. In focusing
so much on the role that algorithms play in causing these problems,
however, the public discourse has frequently glossed over another
potential cause—namely, the role that users themselves play in shaping
their online experiences. Individuals often initiate search or browsing
sessions with clear intentions about the content they wish to discover.
Moreover, having entered a session, users do not respond determin-
istically to algorithmic recommendations but instead select among
available offerings in ways that also reflect their preferences, inter-
ests, offline experiences, social connections and even some degree
of randomness. Finally, platforms are highly incentivized to learn the
preferences of their users in order to more effectively engage them;
thus, even when users do engage with recommended content, the
reason may be that it resembles what they would have sought out
anyway. At the same time, the observed user preferences should not
beinterpreted as fixed or exogenous. Preferences themselves may be
shaped by previous platform experiences, social environments and
historical algorithmic exposure. For all these reasons, although recom-
mendation systems undoubtedly influence users’ behavior, the extent
to which observed outcomes derive from algorithms versus humans
remains deeply unclear**>°%2,
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Fig.1| Proposed interventions must both reflect the scale of the problem
and target the appropriate causal mechanism. Although journalistic reports
highlightissuesin the online space, a concerning trend is the rush to policy
reforms without fully understanding the scale or causes of the problem (bottom
pathway). Similarly, focusing solely on causes without assessing the prevalence
oftheissue or the affected demographics is equally problematic (middle
pathway). We argue for a structured approach: first, conducting high-quality
descriptive studies to determine the prevalence of issues, followed by resource
allocation to investigate all potential causes (top pathway). Only then should
mechanism-targeting interventions, algorithmic changes, or policy reforms be
implemented. Image courtesy of Amir Ghasemian.

Clarifying this issue requires robust empirical evidence that
addresses these two fundamental dimensions of the problem. First, it
is important to establish the prevalence of problematic outcomes in
real-world online environments. For example, what share of the popula-
tion actually ‘live’ in filter bubbles, and to what degree are their infor-
mation environments homogeneous? Similarly, empirical work must
assess the extent of low-quality content consumption across user popu-
lations and determine what fraction of users’ overall media diets such
content represents. Second, when problematic patterns are indeed
observed, empirical studies must identify their primary causal mecha-
nisms. For example, in cases where users appear constrained within
filter bubbles, research must disentangle the relative contributions
of algorithmic curation versus deliberate user selection behaviors.

Both dimensions are important. Should filter bubbles prove nei-
ther widespread nor persistent, even effective remedies will have
little effect on most users’ experiences; thus, resources may be better
allocated to more pervasive digital harms. Conversely, if filter bubbles
are either widespread or else can be shown to cause significant harm
evenamong smaller groups, intervention may bejustified. To be effec-
tive, however, proposed interventions must target the appropriate
causal mechanism: whereas algorithmically driven patterns might
respond to technological solutions, those arising from individual
preferences or broader social dynamics would likely require more
comprehensive interventions that address underlying behavioral and
societal factors (Fig.1).

In the remainder of this Review, we first synthesize existing evi-
dence on the prevalence and causes of the most widely discussed
problematic outcomes associated with online platforms (Table 1).
After drawing some preliminary conclusions from these studies, we
then outline some important limitations of current research, such as
inconsistent methodologies, contradictory findings, and variationsin
temporal and contextual scope, which collectively impede definitive
answers. In the final section, we propose future research directions
and address the inherent challenges, alongside potential solutions,
for studying human-algorithm interactions at scale.

Current state of understanding

Prevalence of problematic outcomes

Publicdiscourse surrounding algorithmic harms hasbeen heavily influ-
enced by journalistic accounts and popular books arguing that filter
bubbles***, platform-mediated radicalization”**, and user exposure
tomisleading or offensive content®** constitute urgent societal prob-
lems. However, much of the evidence presented in these accounts is
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Table 1| Representative evidence, approach and findings in research on the social impact of digital platforms

Evidence type Approach

Main contribution

Common limitations Support

Media narratives and
whistleblower accounts

Anecdotal/journalistic
21,3791

Surface plausible risks;
generate public awareness
and policy attention toward
algorithmic harms

Problematic outcomes
are ubiquitous and

are largely driven by
algorithms

Non-representative and speculative;
lack of systematic sampling,
baselines or counterfactuals;
overgeneralize from extreme cases

Large-scale analyses of exposure
and engagement patterns using
panel or trace data®®>""7

Descriptive/empirical

Quantify prevalence and
concentration of problematic
or partisan content

Problematic outcomes
are less prevalent than
expected

Correlational; limited ability to
isolate algorithmic effects from
human selection; measurement
error and access constraints

Feed-randomization,
counterfactual-bot and
field experiments on
recommendation systems

Causal/experimental

43,92,101

Disentangle algorithmic
influence from user behavior

Problematic outcomes
are largely driven by
user engagement

Short-term or context-bound;
cannot capture long-run
feedback effects

anecdotal and impressionistic rather than systematic and empirical.
For example, the early prominent concerns over echo chambers*® were
entirely theoretical, while the concept of filter bubbles® was based
largely on the author’s personal observations with search results,
drawing criticism for its lack of systematic validation®”®, Similarly,
prominent reports documenting YouTube promoting problematic
videos®*? or Facebook’s amplification of harmful content have often
relied on individual experiences or employee testimonials® rather
than comprehensive behavioral data. Illustrative of this trend, a2019
New York Times Magazine cover article®® focused on a single person
who had reportedly been radicalized via YouTube. Subsequently,
a 2022 article in The New York Times> confidently asserted that the
widespread amplification of misinformation by social media is well-
known, but cited for its primary evidence an online report that itself
relied on asmall, biased sample of posts®°.

Articlessuch asthese are highly visible and widely read and cited,
and so give the impression of consensus around the problematic role
of algorithms in society®. However, scientific evidence on the preva-
lence of problematic outcomes on online platforms—which tends to
accumulate more slowly and receive much less attention—is either
mixed or points to a much lower prevalence than popular accounts
imply®*. For example, consumption of ‘fake news’ on online platforms
hasbeenfoundto berareonaverage, comprisingless than1% of overall
news consumption and less than one-tenth of one percent of overall
media consumption®. Correspondingly, although approximately 40%
of US adults visited at least one untrustworthy news website during
the final weeks of the 2016 election, such sites represented only 5.9%
of their total news consumption®*. Furthermore, analysis of YouTube
browsing patterns from 2016 to 2019 found that far-left and far-right
communities collectively comprised merely 0.05% of American users—
less than one tenth the size of mainstream political communities®.
These findings underscore that although absolute counts of exposure
to problematic content might seem substantial, their prevalence is
minimal when contextualized against the vast scale of total platform
activity and user engagement®.

Moreover, these population averages are inflated by the activity
ofasmall, highly engaged subset of users who are actively seeking out
the content'**7°, During the 2016 US election, for example, 1% of
X users accounted for 70% of all Russian disinformation exposure®,
while an identical proportion of individuals consumed 80% of fake
news sources®. Similarly, fewer than 1% of US citizens consumed 85%
of vaccine-skeptical content between 2016 and 2019, This concen-
tration pattern extends to extremist content, where 0.6% of YouTube
users were responsible for 80% of total viewing time on extremist
channels™, with far-right community members exhibiting more than
double the monthly watch time of centrist users®. Finally, this pattern
of highly concentrated consumption among a small fraction of users
is also evident in general web news consumption®. In other words,
population averages of the consumption of problematic content,
although low, probably overstate the extent of the problem for typical

users. That being said, we emphasize that rarity does not necessarily
implyinconsequentiality. The prevalence of problematic content con-
sumptionand the societalimportance of its consequences are distinct
quantities that should be evaluated separately. Even when exposureis
concentrated among a small fraction of users, the resulting harms may
be substantial. Our pointis therefore not that low prevalence implies
lowimportance, but rather that assessments of platform harms should
distinguish between the scale of aphenomenon and the magnitude of
its consequences. Measuring one should not be taken as evidence for,
oragainst, the other.

Asimilar theme hasemerged in empirical research onecho cham-
bers: although online consumption of ideologically congruent con-
tent is common on many platforms, it only dominates consumption
for a small minority of users and is often more diverse than in other
contexts”’. For example, a large-scale collaborative investigation
between Meta and independent researchers identified some degree
of ideological segregation in political news consumption’? and dem-
onstrated users’ greater likelihood of encountering politically aligned
versus cross-cutting content’”’, However, the collaboration also found
that extreme echo chamber patterns remained relatively uncommon:
only 20.6% of Facebook users received more than 75% of their news
exposure from ideologically similar sources, a rate that is compara-
ble to the size of partisan echo chambers in cable TV news consump-
tion™. Such results suggest that informational isolation affects only
aminority of platform users and occurs similarly with and without
algorithmic mediation.

Similarly, recent work combining nationally representative sur-
veys with digital trace datareveals substantial cross-partisan exposure
across platforms. On X, ideological distributions of content encoun-
tered by users at opposing ends of the political spectrum exhibit 51%
overlap”, while analyses of web browsing histories demonstrate con-
siderable convergenceinuniformresourcelocator (URL) visits between
Democratic and Republican users™. Large-scale panel studies further
challenge the echo chamber narrative: only 4% of online news consum-
ers exhibit strong partisan segregation’ and, crucially, ideological
segregation in digital news consumption remains significantly lower
thanthat observed in face-to-face social interactions®. Finally, empiri-
calevidence offerslittle support for the ‘filter bubble’ hypothesis either
in Google Web search””’ or Google News®°.

Thus, despite evidence of concerning consumption patterns
among specific subpopulations’?, empirical research has challenged
the prevailing narrative that online platforms inherently or generi-
cally foster echo chambers, filter bubbles or widespread exposure
to harmful content’*"*2, Rather than constraining information diets,
in fact, search engines and social media platforms may function as
serendipitous discovery mechanisms, exposing users to ideologi-
cally diverse content they would be unlikely to encounter through
traditional media channels or their social networks®®*, As Guess etal.”!
conclude, ‘critics who decry "echo chambers", "filter bubbles" and
"information cocoons" [...] overstate the prevalence and severity of
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these patterns, which at most capture the experience of a minority of
the public’. This disconnect between popular narrative and empirical
reality suggests that extreme information segregation, while arguably
problematic where it occurs, characterizes the experience of only a
small user subset, with the majority encountering relatively diverse
and mainstream content through algorithmic curation.

Afurtherlimitation of the evidence reviewed is the concentration
ofthe existingliterature on online content consumption, misinforma-
tionexposure and political segregationin the United States (and other
Westerndemocracies). Mediasystems, regulatory environments, plat-
form penetration and levels of media literacy may differ substantially
across countries, and consequently, the prevalence and drivers of
problematic outcomes may not generalize beyond the country under
study. Additionally, this Review focuses primarily on a small number
of platforms, with limited treatment of platforms such as WhatsApp,
Telegram or non-social-media recommendation systems such as news
aggregators and streaming platforms, where the supply-demand
balance may operate differently. Similarly, because the evidence syn-
thesized in this Review focuses primarily on political information
environments, the conclusions drawn should not be assumed to extend
to other forms of platform harm, such as eating-disorder content,
self-harm content or financial scams.

Causes of problematic outcomes

Although the evidence just surveyed suggests that echo chambers
and harmful content are less prevalent than commonly portrayed,
the same evidence shows that such concerns do applyto atleast some
users; thus, understanding the mechanisms driving these phenomena
remains animportant problem. Do platform algorithms actively steer
users toward polarized or harmful content either by design or as an
unintended consequence of optimizing for other goals (for instance,
maximizing engagement)? Alternately, do these outcomes primar-
ily reflect consumers’ intrinsic preferences, on the one hand, and the
interests of content producers, on the other? As already noted, this
question cannot be resolved simply by observing users’ engagement
patterns, which almost certainly conflate all these elements. Complicat-
ing matters further, content producers, consumers and platforms all
affectoneanother viadynamicfeedbackloops. User preferences shape
algorithmic recommendations, which influence content production,
whichinturn affects both future user behavior and algorithmiclearn-
ing. Disentangling these causal pathways is essential for developing
targeted interventions that address the root causes rather than the
symptoms of information polarization and the proliferation of harm-
ful content (Fig. 2).

Aswith concerns about the pervasiveness of false or problematic
content and echo chambers, concerns about the algorithmic origins of
these problems have arisen largely out of theoretical arguments and
individual cases rather than out of systematic empirical evidence. In
theory, the argument is that in seeking to maximize profits, companies
alsoseek to maximize user engagement. Inturn, they deploy algorithms
that promote sensationalist, controversial or extreme material, all of
whicharebelieved toboost engagement either with the contentitself
orbetweenusers. If this argumentis correct, it follows that algorithms
are inherently geared to exacerbate polarization and the spread of
misinformation. Not only are arguments of this sort plausible; it is
alsoeasytofindindividual examples that appear to support them. For
example, in 2025 Substack sent a push alert for a Nazi newsletter® to
many of its users, including users who had never expressed any interest
inNaziideology. Although Substack later claimed the alert was sentin
error, it is easy to believe that such events are more likely to occur in
systems that value engagement for its own sake.

Events of this sort often receive considerable press coverage,
creating the impression that they are highly prevalent. As with misin-
formation on social media platforms, however, systematic empirical
evidence presents amore complicated and ofteninconsistent picture.

On YouTube, for example, research employing sock-puppet audits—
automated accounts simulating user behavior—frequently reports that
YouTube’s recommendation system creates self-reinforcing pathways
toward misinformation and pseudoscientific content®%°, A recent
audit study on TikTok similarly identifies systematic differences in
political exposure generated by recommendation systems”. However,
this pattern does not necessarily indicate that the recommendation
system is ‘amplifying’ problematic content so much as showing users
content similar to that with which they have previously engaged from
the universe of available content (supply). Indeed, explicitly causal
analyses in which logged-in bots that mimic ‘organic’ user behavior
are contrasted with ‘counterfactual bots’ that click exclusively on
algorithmic recommendations find that the latter tend to steer users
with extreme tastes to more moderate content, whereas for moderate
users the recommendations are essentially neutral®”. Moreover, expo-
sure to extremist channels occurs almost exclusively among users who
have already subscribed to such sources™ and who seek it out across
multiple platforms®.

Evidence from X tellsasimilar story. Onthe one hand, sock-puppet
studies suggest that X’s algorithms amplify politically focused con-
tent clusters, potentially intensifying partisan divides®. On the other
hand, arandomized experiment involving 58 million X users found
no evidence of algorithmic amplification favoring political extremes
over moderate content, though the same study did find systematic
amplification of right-leaning over left-leaning content across most
countries studied®. Indeed, algorithmic curation on X appears to
improve information quality: users exposed to algorithmic timelines
encounter lessideologically congruent, less extreme, and morereliable
news sources compared to reverse-chronological feeds*’. Furthermore,
large-scale studies* point to the role of user behavior in shaping online
engagement patterns, especially low-quality content. An analysis 0of 10
million posts across seven social media platforms revealed that posts
linking to lower-quality news sources systematically received higher
engagement than those linking to higher-quality sources. This pattern
holds across both algorithmically curated and chronologically ordered
platforms, suggesting that higher engagement of such low-quality
content cannot be attributed to algorithmic amplification alone, but
alsoreflects users’ active engagement choices.

Facebook studies further illuminate how the interplay between
algorithmic curation, individual choice and network structure shapes
exposure to cross-cutting political viewpoints. Although some early
studies found that algorithms reduce cross-cutting political content,
these studies also found that users actively choosing like-minded
sources exerted substantially greater influence on ideological
homogeneity” . Subsequent work has tried to isolate the causal
effect of recommendation algorithms on users’ exposure and politi-
cal attitudes via experimental designs. Most prominently, the US
2020 Facebook and Instagram Election Study employed this strat-
egy in several large-scale interventions. Users randomly assigned to
reverse-chronological feeds for three months reduced platform usage
but showed no measurable changes in affective or issue polarization,
political knowledge or offline political behavior compared to those
using algorithmic feeds’®. Similarly, removing reshared content sub-
stantially decreased platform engagement without affecting polari-
zation, institutional trust or perceptions of political division™. Even
directly downranking like-minded content to increase cross-cutting
exposure failed to alter users’ political attitudes, affective polarization
or susceptibility to election-related misinformation”. In contrast, a
recentindependent field experiment on X found that switching users
from a chronological to an algorithmic feed for seven weeks shifted
political attitudesinamore conservative direction, including on policy
priorities and views on current events, without affecting affective
polarization or partisanship®. The effect was asymmetric: switching
the algorithm on produced measurable opinion change, but switching
it off did not reverse it, as users continued following the conservative
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Fig.2|Feedback loops between user agency and algorithmic curation.

a, User characteristics—including intrinsic preferences, cognitive biases
and offline social networks—shape platform engagement patterns through
content selection, interaction behaviors and response patterns. b, These
behavioral signals constitute the primary input for recommendation
algorithms. ¢, Algorithms process these signals to generate personalized
content recommendations, thereby shaping users’ information exposure,
social connections and engagement trajectories. d, Cumulative algorithmic
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influence potentially modifies users’ attitudes, beliefs and offline behaviors
over time, which subsequently alter their online preferences and choices,
perpetuating the feedback cycle. Although substantial research has examined
algorithmic influence on user behavior (pathway d), the role of user agency
ininitiating and perpetuating these dynamics (pathway a) remains critically
understudied, representing a substantial gap in our understanding of human-
algorithm interaction.

activist accounts the algorithm had led them to discover. This asym-
metry helps reconcile the apparent contradiction with the Meta find-
ings: switching off an algorithm may show no effect not because the
algorithm was inconsequential, but because its influence has already
been absorbed into users’ organic feed.

Further, critics of the 2020 Election Study'® have pointed out
that it was conducted during a period when Meta was taking other
actions to reduce the prevalence of problematic content and hence
its findings are unlikely to generalize beyond this specific period.
These concerns are indeed valid and reinforce the necessity of multi-
ple studies before drawing sweeping conclusions. We note, however,
that the conventional wisdom prior to the Election Study that Meta’s
algorithms were causing polarization was not based on unbiased
generalizable data either. Imperfect as they are, therefore, these null
effects are still the best evidence available for Meta platforms. Also,
although this evidence does not show that algorithms are irrelevant,
consistent with the evidence from other social media platforms just
cited, itindicates that the effects arein part driven by user preferences
within a platform-designed environment. Moreover, results similar
to those observed on YouTube, X and Facebook have been found to
apply beyond social media platforms to the web in general. For exam-
ple, research on Google Search that carefully distinguishes between
algorithmic exposure (what users see) and user engagement (what
users choosetointeract with) finds that partisan biasin search results
is minimal, but that users’ engagement, conditional on exposure,
with partisan and unreliable sources is highly correlated with their
political identities'".

Finally, we note, that null effects in individual-level experiments
do not necessarily imply the absence of broader societal effects. As
is argued in ref. 102, complex social systems are characterized by
feedback loops, emergent dynamics, and interference across indi-
viduals, making it difficult to infer system-level consequences from
individual-level estimates alone. We therefore interpret these results as
evidence about direct exposure effects onindividual users, rather than
as evidence against population- or system-level effects that the study
was not designed to detect. Beyond the limitations of individual-level
study designs, algorithmic effects need not operate solely through
direct exposure to problematic content. Platform design may shape
societal outcomes indirectly by influencing the incentives faced by
content producers, affecting which content receives attention and

visibility, and interacting with users through feedback loops that unfold
over time. For example, politicians, news outlets and influencers may
adapt their messaging to maximize algorithmic reach, potentially
increasing the production of sensationalist, emotionally charged, or
otherwise attention-grabbing content. Algorithms may also shape the
information environment more broadly by determining which topics,
narratives and voices receive prominence, thereby influencing public
attention and perceptions, even among users who are not directly
exposed to problematic content. And, cumulative effects on norms,
salience and perceived social consensus may emerge gradually over
long time horizons and therefore be difficult to detect in short-term
individual-level studies. Consequently, the absence of large direct
exposure effects should not be interpreted as conclusive evidence that
algorithms are irrelevant to broader societal outcomes. Understand-
ing these indirect and system-level pathways remains an important
direction for future research.

Summarizing, there now exists a considerable body of evidence
across multiple platforms that challenges prevailing narratives of
algorithmic determinism. Instead, it supports a more balanced view
of problematic online content that has been called the ‘supply and
demand’ framework”'®1%, According to this view, platforms—whether
social media platforms or search engines—act as ‘markets’ that match
users’ demand for content with content producers’ willingness to
supply it. Importantly, the platform is not a neutral intermediary but
anactive architect of it. By setting optimization objectives and design-
ing the choice architecture, it contributes to shaping both how con-
tent is supplied and how user demand is generated. Consequently,
treating demand as one of the drivers of consumption does notimply
that demand is exogenous to the platform. As we have pointed out,
this matching process is necessarily mediated by ranking and recom-
mendation algorithms, and hence their role merits scrutiny along
with other factors. However, the current evidence suggests that many
observed consumption patterns cannot be explained by algorithmic
amplification alone and often reflect substantial contributions from
user preferences and content supply. Yet, because user preferences
and algorithmic exposure are entangled through long-term feedback
loops, observational evidence alone cannot determine how far today’s
preferences were themselves shaped by prior algorithmic exposure. If
anything, the evidenceis that they nudge users towards more politically
neutral material than they would otherwise seek'**. Similarly, the supply
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and demand framework allows for the possibility that echo chambers
exist, but argues that they again primarily reflect the preferences of
users rather than algorithms—a point that we again note is supported
by the comparable prevalence of echo chambers on television news
viewing, a medium in which algorithmic filtering is absent™.

We emphasize that the supply and demand framework does
not seek to minimize the problems with which critics of social media
platforms and ‘Big Tech’ are concerned, nor to absolve platforms of
responsibility to address these problems. Clearly, problematic and
highly partisan content does exist on most, if not all, platforms, and
at least some users engage with one or both types of content heavily,
potentially with negative societal consequences. Moreover, insuchan
environment, platforms are not powerless to act,any more than market
designersanywhere are powerlessto act. Although their responsibility
does not hinge on algorithms alone, they can shape the environment
inwhich both supply and demand operate, and thus cannot be treated
asneutralintermediaries. For example, all platforms already prohibit
certain types of content, removing it automatically and penalizing
the content creators for posting it. In theory, they can also effectively
remove content by ‘shadow banning’, a practice in which platforms
deliberately down-rank to a degree that it does not appear to users
unless specifically requested. Finally, platforms caninfluence content
producers by tweaking financial incentives, altering recommendation
algorithm parameters toboost or penalize certain types of content, or
even banning users outright. As we will discuss later, these remedies
areallimperfect and can generate blowback from users as well as other
unintended consequences. Thisadded complexity does not diminish
platformresponsibility, but does suggest that effective interventions
depend on accurately identifying the mechanisms involved. For now,
theimportant pointto noteis that the supply and demand framework
posits afundamentally different origin for problematic consumption
patterns than the prevailing algorithmic account—namely, that not
everybody agrees that it is problematic.

Conceptual and computational obstacles to
advancing the field

As we have just discussed, a small but growing body of empirical
research hasinrecent years addressed widespread concerns about the
role of algorithmsin causing problematic online content consumption.
Although we believe this work has added much needed context and
nuance to preexisting arguments based largely on theory and anec-
dotes, we emphasize that our understanding of these complex issues
remainsincomplete and somewhat fragmentary. Addressing these gaps
iscritical foradvancing the field in arigorous and meaningful direction,
but will require substantial conceptual and computational challenges to
be overcome. Inthe remainder of this section, we briefly describe some
of these challenges, though we note that this list is also incomplete.

Conceptual ambiguity of key definitions

Perhaps one of the most fundamental challenges is the lack of con-
sensus around, and clarity of, basic terminology. For example, the
boundaries of what constitutes ‘problematic’ content—whether mis-
information, bias or extremity—are rarely specified explicitlyand hence
are often ambiguous' %, Similarly, constructs like ‘filter bubble” and
‘echo chamber’ areinconsistently defined, or not defined at all, leading
studies toadopt various measurement criteria, whichin turn produce
inconsistent results®**1°*1"°_To illustrate, some empirical work finds
thatalthoughthereis evidence ofideological segregation, itisaccom-
panied by cross-partisan exposure, raising the question of at what
point one can determine the presence of a filter bubble®. Similarly,
labeling content as extreme or partisan is inherently subjective and
often influenced by the annotator’s perspective™ ", Given that the
most salient patterns of problematic content consumption tend to
ariseinthelongtail—driven by small subsets of users and outlets—these
definitional ambiguities can have outsized effects on measurement

andinterpretation. Thereisno ‘correct’ answer, but transparency and
clarity are necessary to compare different research findings.

Inadequate measurement practices

A second source of conceptual and computational difficulty is that
standard practices for measuring quantities of interest—whether on the
productionside (for example, partisanship, factuality or extremity) or
the consumptionside (for instance, amount of news consumed, domi-
nantsources ofinformationand so on)—fail to capture the underlying
construct. Onthe productionside, this problem arises most obviously
in the practice of classifying content at the level of an entire domain
(for example, publisher, channel owner, TV program) rather than at
the content level itself*>*>%>1 Scholars often utilize third-party ratings
(forinstance, Media Bias/Fact Check, AllSides), which assign scores to
entire publications based on editorial practices, audience perceptions
orexpertreview’. Alternately, scholars may infer source attributes from
the political composition of their audiences—for example, labeling
domains by the partisan affiliations of users who share them?®77%,
Although convenient, both methods of assigning domain-level labels
necessarily overlook heterogeneity of content within a single source™.
For many sources, not all content from the same source exhibits the
same partisan bias or is even the same type of content™*': for example,
many news publishers also publish a large amount of entertainment
and lifestyle content, while in other cases straight news and editorial
content can differ substantially in partisanship. Likewise, there is no
guarantee that the partisanship of the consumer base mirrors the bias
of the content they consume'®, especially—as is often the case—parti-
sanshipisinferred fromgeographic and demographic metadatarather
than elicited directly.

Because either of these sources of conflation could either
increase or decrease estimates of problematic content consump-
tion, depending on the specifics, it is unclear how current findings
would shiftif content were annotated at amore granular level, such as
articles™?*¢*71%! segments’ or videos®>"°, Regardless, it is likely that
any such changes would impact downstreaminferences regarding the
kinds of macro-social phenomenon that we have discussed above'".
Ideally, therefore, characterizations of content should be groundedin
the content itself, not who is producing or consuming it. Fortunately,
theadventoflarge language models (LLMs) promises to alleviate some
of these technical barriers; however, transitioning to comprehensive
content-level analysis also introduces new complexities, necessitat-
ing operations at an unprecedented scale where researchers must
process and evaluate millions of individual content items rather than
thousands of sources.

On the consumption side, a parallel limitation arises from the
common practice of using self-reported data to quantify user con-
sumption patterns, particularly in news. As has been widely discussed,
self-reported dataare highly susceptible to recall bias and social desir-
ability bias, among other errors"*—which, in the case of news consump-
tion, oftenyields large overestimates of respondents’ actual usage and
exposure'”'?°, Comparative studies have shown stark disparities. For
instance, self-reported news exposure can be inflated by a factor of
three onaverage, and up to eightfold for certain demographics, when
compared to digital tracking data'. These methodological shortcom-
ings are particularly concerning for examining incidental or passive
news consumption®*'??, as consistent evidence points to substantial

discrepancies between reported and actual media consumption'?.

Inadequate validation

Social scientists in recent years have adopted various computational
toolstostudy digital content (forinstance, detecting fake news or meas-
uring extremity)'**'>, However, researchers often overlook the need
to validate these algorithms on the specific domain to which they are
being applied, whichis often different from the applications for which
themethods were originally developed'?*'”. For example, methods such
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asthestructural topicmodel (STM) or latent Dirichletallocation (LDA),
which have been widely used in social*?®, communication'® and politi-
cal science'” ", are frequently employed without adequate scrutiny
of their fitness for the specific inferential tasks at hand"’. Although
these models are powerful for extracting insights from large corpora,
their application to questions involving, for example, selection bias
or the representation of extreme political content, demands rigor-
ous assessment of their error rates'?*"*° and how they handle long-tail
content. Conventional metrics of modelfit, such as topic coherence or
maximum likelihood, are often insufficient to validate interpretations
of substantive social scientific interest”*,

Recently, advances in transformer methods have redirected
attention from conventional tools to LLMs and other generative Al
tools, both for measuring features such as topic', partisanship™* or
sentiment'”, as well as for more complex applications such as develop-
ing virtual agents or predicting election outcomes'*"°, Although this
new generation of methods is demonstrably superior to the previous
generation for many applications, the same principles of rigorous
validation apply. When employing techniques such as zero-shot or
few-shotlearning with LLMs for inference, assuming error-free labels—
evenin cases of high reported accuracy—canlead to biased and invalid
conclusions™. Therefore, comprehensive and context-aware validation
procedures remain essential to ensure the scientific integrity and inter-
pretability of findings derived from these powerful new tools. Moreo-
ver, because many of the findings based on earlier methods continue to
influence current thinking, the shortcomings of these methods remain
relevant even as the methods themselves have become outdated.

Limited access to platforms

A notable barrier to understanding online consumption dynam-
ics stems from the limited and in some cases diminishing access to
comprehensive platform data. In most fields, only a small number of
external researchers have internal access to platform data, typically
through one-off academic collaborations®'%, which greatly facili-
tates large-scale observation of user behavior in natural settings,
real-time monitoring of algorithm-user interactions, and controlled
A/Btesting"’>7>% In contrast, most studies of platforms rely on data
collected fromapplication programming interfaces (API)'°**’, which
are usually limited both in the type and quantity of data that can be
requested. For example, data available through X API cannot answer
many user-level questions, such as what a user has clicked on, or
recommended to them in their feed"*’, and is limited instead to, for
instance, likes or reshares, and so on. Unfortunately, APl access to
platform data has, if anything, become more restricted over time,
in some cases because newer platforms (for example, TikTok) have
less researcher-friendly policies than older platforms, and in other
cases because platforms (for example, X) have proactively changed
their policies to become less researcher-friendly*' ", Another set of
works relies on scraping public data™®, which comes with other sets
of risks and complications, such as violating the terms and service
of platforms.

Because of limited data, researchers have been forced to rely on
some combination of: small sample sizes******1**1> whichisa problem
as problematic content tends to cluster in a small fraction of users®;
user watch histories that reflect the combined effect of user prefer-
ences and algorithmic features®"'°; data donations from platform
users'**'* which, while capturing real browsing behavior, suffer from
self-selection bias and limited sample representativeness; or, syntheti-
cally scraped social media platforms using ‘sock puppets™®,ignoring
the personalized recommendations that real users receive based on
their past browsing behavior?*'°* and the subscriptions they have opted
into consuming'®¢, Arelated and increasingly promising approach uses
browser extensions to observe'*'® or experimentally modify users’real
online experiences®. These methods can enable platform-independent
field experiments that manipulate content exposure while preserving

many aspects of naturalistic platform use, but they remain subject to
many of the same limitations as data-donation approaches.

Cross-platform limitations

Most existing studies are limited to asingle platform under study (such
asFacebook” or YouTube'**), often due to reliance on an APl or internal
access'’, and therefore fail to account for the users’ off-platform con-
sumption, which could paint a different picture of the overall consump-
tion pattern. For instance, one study of the effectiveness of moderation
policies found that shutting down the right-wing social media site Parler
had littleimpact onindividuals’ consumption of conspiratorial content:
users simply replaced their diets of such content via other sources on
theweb™, Leveraging cross-platform consumptions, researchers found
that banning Instagram in China pushed users towards using tools to
bypass restrictions and end up not only accessing this platform, but also
many more, such as Twitter, Facebook and blocked political pages on
Wikipedia®™. Yet another study found that users who consume far-right
content on YouTube also consume it directly on far-right websites®, a
finding that has subsequently beenreplicated on data from a different
panel™. Finally, arecent study examining seven platforms* found that
despite differences in moderation policies, algorithms, user demo-
graphics and political preferences, users consistently exhibited higher
engagement with lower-quality content. Although these findings are
not causal, they pointtoabroader, systematic patterninuser behavior
rather than platform-specific effects.

Feedback loop effect

Afinal challengeis that recommendation systems and user preferences
form feedback loops, where recommendations affect the content
that users consume, and can impact their future preferences, which
inturnisused as feedback for making subsequent recommendations
to the user*®*1>3 Importantly, such loops imply that observed pref-
erences should not be treated as exogenous to the algorithm itself:
what appears as user demand may in part reflect the preferences
that earlier cycles of recommendation has contributed in shaping.
As aresult, demand should be interpreted only as a description of
current consumption patterns rather than a claim about how those
preferences were historically formed. These feedback loops introduce
considerable additional complexity because the effects of algorithmic
recommendations or user preferences may become evident only in
thelongrun after several cycles of feedback****!** and are therefore
not captured by studies that only span a short period of time. Thus
far, a handful of studies have attempted to explore these dynamics
by simulation, and in doing so have demonstrated the theoretical
potential of algorithms to create such loops*** or to design algorithms
that ameliorate them***>°, As we have noted earlier, however, the theo-
retical possibility of a problem—however plausible it may seem—does
not necessarily imply empirical importance. Entirely new types of
empirical study and research design are therefore needed to establish
the actual prevalence and causal effects of feedback loops between
algorithmic systems and their users.

Recommendations

Thus far, we have argued that the current empirical literature does not
provide strong support for claims that algorithms are the dominant
driver of many commonly discussed social and political outcomes.
Instead, existing evidence suggests that user preferences, content
supply and algorithmic curation all contribute to observed consump-
tion patterns. As we have also pointed out, however, the empirical lit-
erature is not in a state of high consensus on this important question
andisinany case far from conclusive, in part dueto the challenges just
highlighted. In this section, therefore, we offer some recommenda-
tions for future research that we believe would, if adopted, improve
bothour collective conception of the problem as well as our empirical
understanding of it (Box 1).
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BOX1

Key recommendations for
platform research

Prioritize problem scale before investigating causes

e Establish prevalence through descriptive studies before
pursuing intervention mechanisms.

e Ensure research focuses on problems that exist at a
meaningful scale.

e Example: cross-platform analysis.

Match research design to research question

o Clarify the intended audience (policymakers, public or
platform owners).

e Design studies appropriate for stakeholder needs.

e Limit research questions to the power of the design and data.

e Example: optimizing for feedback loop.

Pursue causal identification through complementary approaches

o Clearly define the content of interest, the comparison baseline,
the exposure outcome, the role of user behavior, and the time
horizon over which effects are expected to stabilize.

e Combine observational analyses, controlled experiments, and
synthetic-user or exposure-engagement designs to separate
algorithmic supply from user demand and capture feedback
over time.

¢ Provide careful methodological validation.

Interpret findings carefully and transparently

e Restrict conclusions to the studied populations and time
periods.

e Emphasize meaning alongside statistical significance.

e Ensure complete transparency and replicability of methods to
build consensus.

Address platform and data-access challenges

e Rebalance collaboration toward independent, parallel
replications rather than large, single-team designs.

e Secure sustainable, timely researcher access to platform data
and APIs to facilitate longitudinal audits.

e Ameliorate cross-platform limitations.

Incorporate economic and behavioral perspectives

e Examine platforms as two-sided markets shaped by supply
and demand.

¢ Reevaluate engagement metrics by empirically testing when
observed behavior diverges from users’ long-term welfare.

o Define measurable dimensions of societal value and develop
empirical frameworks for integrating them into algorithm
evaluation and optimization.

Broadening the scope of inquiry

At the highest level, we urge researchers to formulate the problem
using a broader and more integrated framing. Rather than adopting
anexcessively narrow focus on either recommendation algorithms or
user preferences, researchers should holistically consider the com-
plexinterplay between three forces: (1) the increasing ease with which
online content can be produced today (with producers steering their
content towards what consumers may want to consume), (2) the con-
venience of discovering niche content on online platforms due to the
efficiency of their recommendation algorithms, and (3) the intrinsic

human tendency to seek like-minded information and the discomfort
dealing with the unfamiliar*""%,

Understanding how institutional, cultural and regulatory condi-
tionsshape the interplay between content producers, users and algo-
rithmicsystemsis alsoanunderstudied area. The relativeimportance
ofthese forces may vary substantially across contexts characterized by
different media systems, levels of platform adoption, media literacy,
regulatory environments and availability of alternate information
sources. Future work should therefore prioritize comparative and
cross-national designs that canidentify how platform effects, and the
balance between user demand, content supply and algorithmic cura-
tion, vary across institutional and cultural settings.

Investigate prevalence before causes

Next, we argue that descriptive studies that quantify the scope of
problematic outcomes—such as the share of users in filter bubbles or
the prevalence of low-quality content consumption—are necessary
first steps. These findings prevent overgeneralization from anecdo-
tal examples*** and ensure research focuses on problems that actu-
ally exist at a meaningful scale®>®, After establishing that a problem
affects substantial populations or causes significant harm, resources
can be directed accordingly to investigate causal mechanisms and
developinterventions. Further, quantitative research based on observa-
tional data provides valuable groundwork for developing hypotheses:
although correlation should not be confused with causation, system-
atic correlational patterns can help uncover plausible hypotheses to
test experimentally.

Cross-platform analyses provide one such example. Studies com-
paring user behavior across social media ecosystems reveal that many
engagement patterns—such as preference for low-quality or partisan
content—persist across platforms with very different algorithms, poli-
cies and audiences**%, Although these findings are largely correla-
tional, comparative studies over the same population and time frames
can provide supported evidence on whether observed amplification
arises fromalgorithmic design or from stable user demand that mani-
fests wherever people go online.

Matchresearch design to research question

As many observed patterns on online platforms—such as content
exposure, attention and downstream behavioral effects—arise from
the interplay of user demand, platform design and external events,
researchers studying deployed algorithmic systems should ensure that
their data, methods and analytic strategies correspond adequately to
the questions they seek to answer. A key challenge for researchers is
that many societally consequential outcomes, such as harmful content
exposure and echo chambers, arerare at the population level and dis-
proportionately concentrated among extreme users and content. A
critical first stepisidentifying that population of interest and ensuring
the strategy is capable of capturing it (meaning, quality measures for
the stakeholder needs).

Similarly, researchers should also consider how data limitations
and methodological choices affect the validity and generalizability of
their conclusions. For instance, sock-puppet accounts are frequently
used to audit whether recommendation algorithms amplify exposure
to problematic content or steer users into ‘rabbit holes®**°. Yet such
synthetic agents fail to capture real human usage patterns and may
therefore distort findings, as they measure the algorithmic supply of
recommendations rather than the causal role of algorithms in shaping
actual user experience within human-algorithm interactions. Other
challenges are more complex, and sometimes evenimpossible to test
empirically with current methods. For example, when studying the
feedback loop effect between human behavior and algorithmic recom-
mendations, acritical design decision is how long an experiment should
berun, as the effects of algorithmic exposure can take weeks, months
or evenyears to manifest. Short-term experiments may fail to capture
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the cumulative or delayed nature of these dynamics, raising questions
about whether prolonged exposure to like-minded content may solidify
opinions tothe point where short-term exposure to diverse content has
little observed effect”. Addressing the effect of exposure on users or
the efficacy of interventions such as diversified or cross-partisan news
requires longitudinal studies that tracks user behavior over extended
periods, whichis lacking in many recent studies™*>%',

Pursue causal identification through complementary
approaches

Akey challenge for researchers remains their ability to provide causal
answers when often the available evidence is dominated by descriptive
studies and correlational findings. This challenge becomes particu-
larly acute when moving beyond the causal role of algorithms alone
and uncovering the role of human behavior and societal demand.
Humans and platforms must be studied in context, over time, to
properly determine whether their interaction has societal implica-
tions or suggest proper interventions or policy reforms*'. Auditing
algorithmsinisolation does not answer the key socio-technical ques-
tions researchers want to know, nor do one-shot descriptive studies
with limited access**"*. Both perspectives capture partial truths, and
causal research must integrate them'*®, This necessity highlights the
lack of access to platforms, which places a hard-to-overcome limit on
the extent to which researchers can examine these critical interactions
indepth. Asaresult,and as noted earlier, the majority of causal explo-
rations of socio-technical systems can be grouped into either causal
interpretations from correlational observations or causal studies that
examine therole of algorithms in isolation.

Observedinformation consumptionreflects the joint product of
algorithmic curation and user preferences, and disentangling these two
forces isamong the field’s central challenges. We argue that observa-
tional data—when coupled with careful, validated causal designs—can
address this challenge through two experimental strategies. The first
strategy isolates algorithmic amplification by varying the recom-
mendation system while holding user behavior constant. Building
on the concept of relative algorithmic amplification'®, researchers
can quantify how content distribution changes under one algorithm
versus an alternative. This approach requires defining clear baselines
and outcomes: amplified relative to what, and in terms of what expo-
sure measure. For example, reverse-chronological feeds, random
recommendation orders, or historical versions of ranking systems
can serve as counterfactual baselines*>*®. The second strategy iso-
lates behavioral amplification by fixing the platform algorithm and
experimentally varying user behavior. Counterfactual-bot designs on
YouTube® exemplify this approach: bots trained onreal users’ histories
are later assigned rule-based viewing policies with no agency versus
the actual user experience, which preserves user agency. Comparing
their subsequent exposures quantifies the causal effect of changing
behavioral policy while keeping the recommender unchanged, reveal-
ing how much of the observed bias arises from human choice rather
than platformlogic.

With the recent advancements in the availability of large-scale
simulation tools and agent-based modeling environments, these earlier
designs can now be substantially extended. Digital twins—compu-
tational replicas of real users built on realistic behavioral patterns—
allow for controlled tests for various platform safety features and
feedback-loop formation at scale'. Such digital-twin systems can
incorporate decision rules as the ‘brain’ and automated accounts as
the ‘arm’, allowing repeated interaction with recommendation systems
over extended simulated horizons. A natural further extension is to
replacerule-based behavioral policies with LLM-driven agents, whose
ability to generate contextually coherent, heterogeneous responses
more closely approximates the diversity of real user behavior'®> %,
Where earlier bot designs assigned fixed viewing policies, LLM-based
agents can dynamically adapt their content selection in response to

recommendations—simulating users with different political priors,
susceptibility to sensationalism, or cross-cutting curiosity—while
still allowing the researcher to hold the recommendation algorithm
constant. This approach makes it possible to study not just whether
algorithms amplify problematic content, but for whom and under
what behavioral conditions such amplification occurs. These synthetic
yet human-like environments create realistic proxies of engagement
rhythms, time spent and responsiveness, allowing researchers to sys-
tematically test how various platform features influence human-algo-
rithm co-evolution, to effectively bridge the gap between short-term
laboratory experiments and sustained real-world behavior. Moreover,
they makeit possible to investigate sensitive topics that cannot be ethi-
cally tested with human participants. In the context of digital platforms,
such agents could systematically explore counterfactual scenarios®,
such astesting how ranking objectives, moderation strategies or inter-
face changes affect the emergence of echo chambers or the spread of
low-quality information'*>'*®, while complementing observational and
field-experimental approaches. That said, LLM-based agents cannot
fully substitute for human subjects, and their behavioral fidelity at the
level of click patterns, dwell time and content selection under realistic
algorithmic pressure remains largely unvalidated'®”'®, One promising
approachisto evaluate synthetic agents against behavioral traces col-
lected from data-donation projects, browser panels or other sources
of observed online behavior. Such benchmarks could assess whether
synthetic agents reproduce not only average patterns of exposure and
engagement, but also the behavior of the small subpopulations that
often account for a disproportionate share of problematic content
consumption. Developing and validating such benchmarks therefore
represents animportant direction for future research.

Interpret findings carefully and transparently

We suggest careful interpretation of the studies for such complex sys-
tems, while acknowledging limitations. For example, conclusions from
experimental research should be carefully restricted to the populations
accurately represented by the study sample. Extrapolating findings to
broader populations without robust evidence, particularly when the
sample characteristics differ from the general population”"¢, risks
overgeneralization and undermines the validity and reliability of the
research. Similarly, itisimportant tokeep in mind that conclusions from
the study are valid only for the duration of the study, and therefore the
results should not be extrapolated to other time periods. Forinstance,
itis possible that the studies finding null effect on users’ attitudes in
studies conducted specifically during election time periods” would
have found some significant effects had the studies been conducted
during different time periods, perhaps, becauseit is difficult for people
to be persuaded by opposing media content during a contentious elec-
tion campaign'®. Finally, when interpreting their findings, researchers
should not conflate statistical significance with practical significance.
A small effect size, even if statistically significant, may be less conse-
quential in domains like education or psychology, where larger effects
are often necessary to achieve meaningful change. Conversely, even
small effects can have substantialimplicationsin fields like public policy
or healthcare when they impact large populations or involve critical
outcomes. Therefore, studies should provide a context-dependent
interpretation of effect sizes to offer amore nuanced understanding
of the real-world implications of their findings.

Transparency insituating the findings, especially given the many
moving partsinvolvedinstudying platforms, is essential at every step
oftheresearch pipeline. Another researcher should be able to replicate
the study based onthereleased materials. For example, in many social
or political science constructs, there is ongoing debate about whether
humans can generate high-quality annotations. Transparency in steps
such as data sampling, survey design and providing demographic
information about annotators will facilitate replication and enable
building upon previous work. Such an approach also ensures that small
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observed effects are scrutinized, for example, to find whether they
might disappear if adifferent metric were chosen or if the quality of the
measurements was properly validated. Similarly, a persistent problem
that limits the impact and reproducibility of platform audit studies is
the lack of transparency and insufficient methodological detail. Too
often, key aspects of the design, such as data-collection protocols,
model parameters or the full pipeline for simulation and labeling, are
not made publicly available. This prevents independent verification
and undermines cumulative progress. Recent research has demon-
strated how sensitive algorithmic findings can be to seemingly minor
decisions at multiple stages of the pipeline—ranging from the choice
of seed content to the authentication state of the auditing account
and the window length of the experiment’°"”2, Even small variations
inthese parameters canreverse or erase observed effects'”?, highlight-
ing the critical need for detailed documentation and reproducibility
standards, as expected in any social science research.

Address platform and data-access challenges

Robust causal and systemic research on socio-technical systems
requires sustained and transparent access on two fronts: platform
data, and the rare subpopulations that occupy the tail of consump-
tion. Yet the current research environment is marked by declining
access, fragmented APIs, and opaque and rare collaboration models.
To make meaningful progress, the field needs a collective push toward
institutional mechanisms that make platform access both feasible and
trustworthy. Industry partnerships can contribute to platformresearch
intwo critical ways: by improving the structure of collaborations and
by expanding researcher access through stable, auditable interfaces.

First, we call for a new generation of transparent and replicable
academic-industry collaborations, modeled after open-science
principles. Although large-scale partnerships like Facebook’s 2020
election studies™’*>® provided unprecedented access to platform
data, they also revealed weaknessesin transparency, replicability and
independent verification’>*®"”*, Future collaborations should empha-
size open-science models in which multiple independent research
groups can reproduce analyses using controlled data-access systems
(for instance, census-style secure repositories). Emerging initiatives
such as the National Internet Observatory (NIO) are promising steps
toward this vision, providing independent, privacy-preserving infra-
structure for studying platform effects at scale'. Over time, concerns
about reproducibility may be more effectively addressed if, instead
of large multi-author collaborations producing a single study, mul-
tiple research groups conduct the study independently on the same
research questions.

Second, astronger commitment to sustained data accessis equally
critical. The erosion of open APIs—for example, X’s termination of free
APlaccessin2023"° and Meta’s replacement of CrowdTangle"”” with the
Meta Content Library”®*—has severely constrained academic inquiry,
with theimpact falling hardest on early-career and independent schol-
arswholackdirectindustry ties or funding for proprietary data agree-
ments. Meta’s decision not to replicate its 2020 collaborationin 2024
underscores the fragility of ad hoc arrangements.

Ideally, platforms will move beyond ad hoc data-sharing and estab-
lish formal researcher-whitelisting programs and dedicated research
APIs that guarantee safe, auditable and sustained access to core end-
points. These infrastructures would preserve privacy while enabling
reproducible science, effectively translating the benefits of large-scale
collaborationsinto amore distributed and equitable model of access.
Such mechanisms would lower barriers to innovation, broaden par-
ticipation, and reduce the duplication of effort that currently forces
researchersto engineer alternate data-collection pipelines or develop
synthetic environments to study real-world systems. They would also
allowindependent teams to pursue original designs without relying on
individualized data agreements that limit transparency and scalability.
Forexample, allowing verified researchers to deploy automated agents

that simulate human behavior under controlled conditions would
open new avenues for studying user agency, exposure mechanisms
and content dynamics. Current restrictions have forced scholars to
invest extraordinary effort into developing pipelines to pursue core
questions about socio-technical dynamics that cannot be addressed
with existing data access’*"**"”°. The European Union’s Digital Services
Act (DSA) represents an attempt to institutionalize such access™°.
Under Article 40, the DSA provides legal guarantees for vetted and
independentresearcherstoaccess bothinternal and publicly available
platform data under privacy- and security-conscious frameworks™".
The United States could adopt similar legal or policy mechanisms to
ensure that data accessibility for public-interest research becomes a
durable institutional norm rather than a temporary corporate favor.
Securing platform data, however, addresses only the first front. Com-
plementary initiatives such as data-donation programs or browser
extensions can further broaden visibility into users’ online experiences,
but their reach is limited. Obtaining data on a specific tail popula-
tion is as much an access problem as a platform-data one, and the
approach depends on how that rare population is constituted. Some
tails canbe targeted through institutions: younger adults for bullying
or companion-Al exposure within a school, vulnerable populations
for eating disorders, self-harm or suicidal content within clinics, or
for health misinformation within oncology populations. For these,
cross-disciplinary collaboration supplies both a list frame for an oth-
erwise unframed population and a clinically or contextually validated
definition that no behavioral proxy can match'®, together with the
consent, monitoring and oversight without which the most vulnerable
ofthese populations cannot be studied responsibly at all. Other tails are
defined purely by behavior and have noinstitutional home—consumers
of conspiratorial or far-right content, users with unimodal or otherwise
extreme diets—and can be reached instead by screening. Either way,
theresulting samples are non-random: institutional and self-selected
sources alike characterize a tail rather than the tail, and reweighting
againsta population frame remains necessary.

Whether the binding constraintis platform dataor the populations
themselves, a sustainable ecosystem for platformresearch ultimately
depends onagenuine institutional commitment to transparency and
academicindependence.

Incorporate economic and behavioral perspectives into
platformresearch

Finally, the business models of online platforms merit closer scrutiny. A
growingbody of work conceptualizes platforms as two-sided markets,
where content supply and user demand are jointly shaped by advertis-
ing incentives and engagement metrics'®. From this perspective, the
rise of online platforms has not necessarily introduced new behavioral
tendencies so much as it has made preexisting social and psychological
dynamics visible at unprecedented scale®’. The observed consump-
tion patterns may therefore reflect not only algorithmicinfluence but
alsothe underlying structure of societal demand, areality that may be
uncomfortable to acknowledge'®.

If recent studies show that users’ own choices contribute to the
consumption of problematic content®*'”’, an important question fol-
lows: should algorithms simply mirror user preferences? Recently,
scholars have begun questioning the long-standing assumption that
engagement is a reliable proxy for what the user wants. Platforms
often equate clicks, watch time or session length with satisfaction, yet
behavioral evidence suggests users frequently make choices inconsist-
ent with their long-term preferences'. Such inconsistencies expose
the limits of revealed-preference modeling and call for new theoreti-
cal and empirical work to distinguish momentary engagement from
enduring well-being'®*'%,

More broadly, researchers should explore ways to redefine the
objective functions of recommender systemsto reflect societal rather
than purely individual or commercial values'®. Rather than optimizing
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for stimulation or retention, platforms could explicitly encode goals
suchas promoting civic participation, community health orinformed
discourse. Achieving this vision requires both empirical measurement—
linking content design, exposure and outcomes—and theoretical clar-
ity about what constitutes welfare in digital environments, which has
stayed largely hypothetical. For example, recent studies have begun to
move beyond conventional accuracy-based metrics, introducing new
optimization frameworks aimed at promoting diversity'® or fairness'®.
However, most of these approaches have been developed and evalu-
atedincommercial or entertainment benchmarks, such as product (for
example, Amazon) or movie recommendations (for example, Netflix,
Spotify), rather than in the context of public information or news
exposure. Future research could extend multi-objective optimization
frameworks to domains where societal values—such as exposure diver-
sity and informational integrity—are central to democratic outcomes.

Outlook

In this Review we raise the question of why so much public and aca-
demic attentionis focused onalgorithms when the available evidence
strongly suggests the significant role of demand in concerning online
consumption patterns such as echo chambers and engagement with
problematic content. One possible reason is that algorithms offer a
seemingly simple solution: ‘fix the algorithms’,”* whereas addressing
demand is far more complex and may not even have a clear solution
(oranyatall). Correspondingly, focusing on algorithms can therefore
feel more tractable than confronting the demand-side dynamics or
the business models and design incentives that shape them. As we
have argued, however, the reality necessitates that we confront the
deeper, more challenging aspects of the issue, even if it is tricky and
uncomfortable for us to address. Fortunately, such investigations are
possible, and recent years have witnessed meaningful progress, but
much more progressis needed. Investigating socio-technical systems
demands a rigorous, context-sensitive approach that respects both
the technical intricacies of algorithmic platforms and the complex
realities of human behavior. Greater transparency, improved data
sharing, careful attention to study design, and innovative methods that
combine observational data with automated user simulations can all
help move the field forward. Above all, researchers should resist the
temptation to reduce the complexity of socio-technical problems to
purely technical ones. Expanding the state space of analysis to include
the social, behavioral and institutional dimensions will enable amore
complete account of how platforms and societies mutually shape
one another.

We also emphasize thatour interpretation of the current literature
reflects the current balance of evidence rather than a settled conclu-
sion. Althoughthe current evidence does not generally support strong
claims that algorithms are the dominant driver of problematic out-
comes, future evidence may substantially revise this assessment. Par-
ticularly informative would be studies that identify persistent effects
of algorithmic interventions across multiple contexts, demonstrate
cumulative effects that emerge over longer time horizons, or show that
otherwise similar users experience systematically different outcomes
under differentrecommendation architectures. Likewise, evidence that
population-level consequences arise from algorithmic systems in ways
that cannot be explained by user selection, content supply or other
competing mechanisms would strengthen algorithmic explanations.
Wetherefore view the relative contributions of these interacting forces
as an open empirical question that requires continued investigation
asstronger evidence accumulates.

Finally, we recognize that debates about algorithmic effects
and an emphasis on the limits of current evidence are not without
implications for ongoing regulatory debates. Our argument is not
that platforms should face less scrutiny, but that accountability
efforts should be informed by an understanding of the mechanisms
involved. Indeed, greater transparency, independent auditing, and

researcher access to platform data are our recommendations to
improve that understanding.

Data availability
No new data were generated or analyzed in this Review. All studies
discussed are available in the cited sources.
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