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Abstract

We combine insights from the medical and artificial intelligence (AI) liter-
atures to propose a novel model, which suggests that the expansion of Al may
exacerbate cognitive inequality. Information providers maximize profit by tai-
loring the complexity of content, offering less cognition-enhancing content to
less able customers. While individuals with high cognitive abilities may ben-
efit from this increased within-cognitive-group homogeneity, those with lower
cognitive abilities—and even children—may suffer adverse effects. Anecdotal
data from political discourse and cognitive skills scores are consistent with the
model predictions. The findings introduce a new consideration to the debate

on financial literacy and Al regulation.

How does the use of consumer data and big data technologies, like artificial
intelligence (Al), affect social welfare? At its essence, Al is a prediction technology.
It represents an improved ability to predict an outcome or type with a large data

set. In most models, reducing prediction errors resolves a friction, improves efficiency
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and improves welfare. For improved predictions to be bad, those predictions must
be used to worsen some market distortion like market power or involve cognitive
mistakes. Since the information we study is provided at zero price, market power is
tough to prove. Therefore, we investigate the relationship between Al adoption and
cognitive mistakes.

Our main argument is that adoption of Al among content providers causes in-
ternet users’ cognitive ability to diverge in the short term. Cognitive ability is like
a muscle. It needs to be exercised to stay strong. This simple insight from neuro-
science has profound implications for modern uses of artificial intelligence (AI) to
serve people with targeted information. By allowing more customized information
provision, precision information targeting, enabled by Al, allows cognitive ability to
diverge. It perpetuates initial inequalities in cognitive ability by serving less-able
thinkers with information that fails to challenge them and fails to bring them closer
to average ability. While targeted information serves consumers well in the moment,
it undermines tolerance for complexity among those who need it most. This could
have profound implications for economic inequality, public discourse and democracy.

We develop a model of this harm that informs us about what empirical evidence
should reveal its presence. Then, we document some suggestive evidence from social
media posts and student evaluations, supporting the idea that this channel is a
relevant one. Finally, we use the model to predict what long-run use of information
targeting might mean for human cognitive ability in the long run.

To think about the long-run, consider a parallel between the current period and
the industrial revolution. As machines were able to perform much of the physical
labor of human beings, the average person lost muscle mass and became weaker. If
AT can reduce the complexity of information and lift some of our cognitive load, will
human beings lose some of our cognitive strength? Our model tells us that this is a
likely outcome of information targeting, if people are more averse to overly difficult
information than they are to information that is too easy. This, combined with a
little bit of type uncertainty, which is surely present, leads information providers
to match people with information that is below their optimal level, and depresses
the long-run cognitive ability of all. Recent results from an OECD (2024) test of



cognitive ability show a long-run cognitive decline.

Our conclusions stem from two assumptions, which serve as the cornerstone of our
analysis. Therefore, Section 1 begins by laying out the evidence in support of these
two assumptions. The first assumption posits that cognitive processes, particularly
attention and information processing, can be likened to a muscle that requires regular
exercise. We contend that engaging with complex information enhances cognitive
abilities, whereas limited exposure to such stimuli may lead to cognitive decline.

The second assumption revolves around the unique capabilities of big data and
algorithms like AT to tailor information complexity to individual consumers’ profiles.
Unlike traditional approaches where information dissemination is uniform or coarsely
targeted, big data enables precise targeting based on users’ precise attributes. This
makes it possible to serve individuals with varying levels of cognitive aptitude with
information tailored to their comprehension levels.

Section 2 integrates these two assumptions into a cohesive framework to explore
the ramifications of AI for cognitive inequality. Information providers are profit
maximizing. We capture the predictive power of Al in a coarse way. Without Al,
firms do not know customer types. With AI, they know each customer’s type exactly.
While this is obviously an exaggeration, it captures the idea that Al enables improved
prediction of consumers’ abilities, constraints and preferences. Consumers observe
the information delivered to them, in the process of consuming the good they want.
This captures the practice of serving ads or targeted news feeds, in between posts,
videos or podcasts that a user wants to read, watch or hear. The consumers’ cognitive
ability is affected by the news they consume. In a second period, consumers with
higher cognitive ability achieve greater utility because they make fewer mistakes on
tasks.

Testing this theory is not an easy task. The potential cognitive harm we highlight
is a difficult harm to measure because, outside of a laboratory setting, it is typically
difficult to observe people’s cognitive ability. However, we can observe characteris-
tics of new feeds. Section 3 derives testable predictions from the model. Specifically,
it predicts that more pervasive use of Al for information targeting results in more

dispersed message complexity and more dispersed cognitive ability. The model also



teaches us that AI per se is not essential for these effects. It is the more targeted
matching between information and consumer. Any technological change that im-
proves this match could trigger similar consequences. We make use of this insight in
our empirical work.

Since harm to minors is especially salient in the regulatory debate, we tease
out predictions for that population specifically. We find that Al content-targeting
consistently harms children. By targeting them with low-complexity content, Al-
driven information targeting deprives children of the types of cognitively challenging
digital content that would help them develop and thrive.

Section 4 provides suggestive evidence consistent with our predictions. First, we
explore news feeds. Since much of the discussion about the coarsening of public
discourse is about political discourse, we measure the complexity of social media
posts made by the official accounts of the two major political parties. While this
is obviously a very limited scope of political speech, it is cleanly limited to online
content that is purely political. We find an increasing trend in the dispersion of that
message complexity, consistent with increasing use of Al to target different users
with different messages, while acknowledging other possible causal mechanisms.

The final piece of evidence in Section 4.2 shows a decline in cognitive skills across
most OECD countries. While a few countries experience gains, most show decline,
especially for literacy-related skills. This finding motivates the dynamic model that
follows.

While none of our evidence rules out other channels through which social media
might have a disparate effect on grades, the two types of evidence jointly suggest
that our cognitive channel might be one worth further exploration and inclusion in
the debate about the social value of big data and Al.

If this mechanism is at work, what does that imply for the future? Section 5 uses
the model to show that there is a force toward long-run convergence of cognitive
ability, as a lower level than before. We consider offsetting equilibrium forces that
would arise in a richer model. While the long-run predictions are, by their nature,
speculative and untestable, they represent possibilities that are worth considering as

we prepare for a future with rapid technological change.



Section 6 concludes with a discussion of the potential ramifications of cognitive
inequality. The regulation of artificial intelligence (AI) has become a focal point in
contemporary discourse. Our study introduces a novel dimension to the discourse of
AT harms by examining its disparate impact on cognition. We use theory and data
to argue that predictive data analytics may be exacerbating inequality in cognitive
ability. We find evidence of this cognitive divergence in the complexity of online
political communication. This raises the concern that financial literacy divergence
will fuel more income divergence and that the free exchange of ideas, central to a

democracy, may face yet another hurdle.

Related literature While many papers point to the efficiency, risk reduction and
product quality benefits of data,! others argue that firms’ use of personal data harms’
consumers privacy, in a way that reduces utility.? A few studies have explored ways
in which firms can use data to price discriminate or target weak-willed customers
with harmful products.> However, information is often provided to consumers for no
monetary cost and is hardly addictive or directly harmful. Yet, much of the public
outrage and concern centers around customer targeting by information providers,
such as social media platforms.

First and foremost, our work is related to others who study the harms of the
digital economy (Bergemann et al., 2023). Some papers discuss data and others Al.
Data is the fuel for AI. When data and Al are combined, predictions result. Since our
focus is on the ability to predict, both types of papers are relevant. Liu et al. (2021)
is a closely related paper that examines a different harm of data, that it is used to
exploit temptation. Data is used to predict which consumers who are susceptible
to temptation so that firms can target them with ads and sell them goods, which
ultimately lower their utility. The idea that data is used to target customers is com-
mon in the management literature (Matz, 2022). Moreover, Bergemann and Bonatti

(2019) highlight the emergence of social externalities resulting from the widespread

1For efficiency, see Jones and Tonetti (2020) and Cong et al. (2021). For risk reduction, see
Eeckhout and Veldkamp (2022) and for measurement of improved product quality, see Quan (2022).

2See Acquisti et al. (2016) for a review with many examples.

3See e.g., Galperti et al. (2024), Liu et al. (2023).



use of data. In legal scholarship, Ritter and Mayer (2017) advocate for treating
data as a form of property and granting ownership rights to users, while Sokol and
Comerford (2015) explore the intersection of big data and market power within the
antitrust framework. However the focus on informational complexity is novel and
has distinct predictions that matter for the future of labor and of democracy.

The study of complexity arises in behavioral finance, decision theory, and ex-
perimental economics (for example, Puri (2025), Hopenhayn and Saeedi (2024), and
Fudenberg and Puri (2022)), where subjects are shown to be averse to content they
deem too complex. This aversion underlies many shortcomings of household finan-
cial decision-making. This is related to the study of attention and rational attention
(Sims, 2003; Mackowiak and Wiederholt, 2009; Caplin and Dean, 2015). What our
work adds is a theory of where attention, or a tolerance for complexity, comes from.*

Many of our ideas are similar to ideas about commitment and addiction. The
idea that cognitive work is unpleasant in the short run, beneficial in the long run and
that consumers avoid it is similar to DellaVigna and Malmendier (2006)’s analysis
of physical exercise. Our theory of this lack of commitment draws from the seminal
work on rational addiction by Becker and Murphy (1988). However, the argument
that the consumption of complex information falls in this category is novel, in the
context of the big data privacy debate. The consequences of cognitive effort aversion
differ from those of exercise or drug addiction problems.

In the data privacy literature, Seim et al. (2022) underscores three primary ra-
tionales for regulatory intervention: the absence of monetary compensation for users
who generate data, the exacerbation of market power through data utilization and
algorithmic superiority, and the profit-centered exploitation of data by firms. Our
work explores a particular example of firms pursuing profit, at the expense of con-

sulers.

4In the realm of finance, Al facilitates better prediction and parsing of market trends and
investment opportunities (Goldstein et al., 2021; Veldkamp, 2023). A special issue edited and
summarized by Goldstein and colleagues provides comprehensive insights into the transformative
potential of AI in financial analytics, showcasing how it enables more accurate predictions and
enhances decision-making processes within the financial sector.



1 Motivating Evidence

Our model is based on two key assumptions: that attention is like exercise and
that data, combined with AT is used to target people with content matched to their
attributes. Fach claim has been researched extensively, the first in a medical litera-
ture, and the second in the big data and Al literature. We summarize the evidence
across these literatures for each fact. We bring these disparate literatures together
to develop a model with new predictions that provides a novel perspective on the
heated debate surrounding the benefits and costs of AI. We present evidence of those

two claims first, before we proceed to describe the model.

Mental Exercise. Our first key assumption is that the ability to process com-
plex information is improved with practice. The more one reads, hears or processes
complex information, the more capable a person is of performing this task. In other
words, complex thinking is like a muscle that needs to be exercised. The medical
literature finds evidence in favor of this key assumption: mental exercise increases
cognitive ability. For example Pillai et al. (2011) and Verghese et al. (2003) find that
doing crossword puzzles reduces cognitive aging. Devanand et al. (2022) document
cognitive improvements for individuals with mild cognitive impairment when they
train with crosswords. Sevinc et al. (2021) show that mindfulness training improves
cognitive performance in older cognitively functioning adults. Ng et al. (2021) docu-
ment that computerized cognitive training increase cognitive ability across adults of
different ages. Petrella et al. (2023) finds weak support for crosswords helping slow
the progression of Alzheimer’s disease. And Jonaitis et al. (2013) notes that game-
playing preserves cognitive strengths later in life. Yan et al. (2024), using EEG, find
that that mobile phone short-form video addiction tendency correlates with impaired
behavioral performance on attention tasks and reduced activity in higher-order brain
areas responsible for self-control. Zhang et al. (2023) found correlation between social
media use and lower executive functions.

This is a non-exhaustive list of medical studies showing a link between cognitive

exercise and cognitive ability across a range of cognitive types and ages. While



some studies, like Aartsen et al. (2002), find no link between cognitive ability and
mental exercise, review articles conclude that the preponderance of the evidence
favors mental exercise helping with a variety of cognitive outcomes (Jak et al., 2013).

Our model also assumes that people who have a low ability to process complex
information tend to avoid such content. This assumption is supported by experi-
mental evidence (Oprea, 2020). Puri (2025) finds that those with higher cognitive

ability exhibit less complexity aversion.

Big Data and Targeting. Our second main assumption is that the rise in the
abundance of data and the ability to harness it with technologies like Al has allowed
providers to digital content to more accurately match content to user. As highlighted
by Agrawal et al. (2018), AI has significantly enhanced predictive capabilities across
diverse domains. One of the quintessential applications of Al and big data lies in
predicting human traits, a task pivotal for targeted marketing strategies, political
campaigns, and financial analyses.

Predictive analytics leveraging large datasets play a pivotal role in tailoring prod-
ucts, campaigns, information, and advertisements to specific consumer segments
(Matz, 2022). For instance, Nickerson and Rogers (2014) provide an extensive anal-
ysis of the integration of big data in political campaigns, illustrating how it enables
more precise targeting of individuals for various forms of engagement, including do-
nations, volunteering, and expressing support for candidates or issues. There is a
large literature on ‘versioning’ information goods, whereby firms change the qualities
of products to appeal to different market segments (Bhargava and Choudhary, 2008).

Furthermore, the emergence of information firms, as documented by Dolfsma and
Van Der Eijk (2018), underscores the commercial value of consumer data. Firms
specialize in collecting and selling consumer data to companies seeking insights into
target audiences for their products or services. Such data-driven insights empower
companies to optimize their marketing strategies by precisely identifying and engag-
ing with potential consumers who are most likely to be receptive.

On the theoretical side, Saeedi et al. (2024), shows that, on a network, the quality

of information is better targeted in the personalized case.



2 Model

Our simple model is designed to show how the combination of the two assumptions
alone leads to the logical conclusion that growth in personalized content - be that
through social media, digitization, or Al - can exacerbate cognitive inequality. We
use as simple a structure as possible to describe that argument. After setting up
the model and extracting its ideas, we examine its predictions and consider the

consequences of its predictions for democracy and the economy.

Model assumptions. There is a high type consumer H and a low type consumer
L. The high type has a higher cognitive level cy than the low type’s cognitive level
¢, where ¢, cy € (0,1).

In period 1, a monopolistic firm offers a bundle (v, A;) to consumer of type
i € {L,H}, where v is a desired product (for example: email, Google search, or
social interaction) and A; denotes personalized content for type i; more specifically,
A; € (0,1) denotes the complexity or informativeness of that personalized content.
To isolate the channel of interest - homogeneity as driven by digitization and Al
- we assume that the firm has no control over the non-personalized content v but
can affect A;, personalized content. We treat price as absorbed into v (or fixed by
platform policy); under logit the price term enters additively and does not interact
with the mismatch, so allowing price choice does not affect our targeting results.

The utility of a consumer of type i is:
Upi(v, 4;) = v —d(|er; — Ail) + 6U2,c1,i(62,z’) + €

where c; ; is the consumer’s period 1 cognitive type; v is the quality of the prod-
uct; # > 0 and d: (0,1) — (0,1) is an increasing, strictly convex function capturing
preferences over complexity. Utility in period 2, Us;(c2,), increases in cognitive abil-

ity co; in period 2.° We assume that Us,e, ,(cai(c1,i5 A1) is concave and differentiable

5For example, higher cognitive ability may have a positive impact on human capital and wages,
which in turn affects utility. Similarly, a better ability to process complex information may help
the individual avoid dominated financial products (Goodman and Puri, 2025).



in Ay ;. Noise term ¢; follows a Type 1 distribution.
From this, we can derive the probability that the agent chooses to consume the
bundle versus to not consume the bundle, given their cognitive level; the utility of

not consuming the bundle is fixed at zero as a normalization.

exp(Uy (v, A;))

exp(Uy (v, A;)) + exp(0) (1)
1

1 +exp(—v+d(|ci; — Ail) — 5U2,i(c2,i))‘ @

pidi — P(consume(U7Az‘)) -

For simplicity, we express the preference over complexity as bounded above by 1
and decreasing in the distance between the complexity of the information consumed
and one’s cognitive ability. However, we introduce a parameter 6 to allow for the
possibility that the utility cost of information that is too simple might differ from the
utility cost of information that is too complex. Specifically, if the information com-
plexity is less than ¢’s ability (A4; < ¢1;), then we let d(|c1; — Ai]) = 1—g(|er; — Ail).
If the information consumed is more complex than ¢’s cognitive ability, the utility
is d(|e1; — Ai]) = 1 —0g(|eri — Ai]). In both cases, g : (0,1) — (0,1) is assumed
to be a decreasing, strictly concave differentiable function. If 8 > 1, this captures
the idea that it might be more unpleasant to consume personalized content that is
too complex for the consumer’s type than it is to consume information that is too
simple. However, the symmetric cost case, # = 1, is admissible and a special case of
our results.

A key assumption in the model, taken from the medical cognitive exercise lit-
erature, is that higher complexity personalized content in period 1 leads to weakly
higher cognitive ability in period 2. That is, ¢a; € (0,1) is given by co; = f(4;),
where f is increasing.

We conceptualize a world without targeting as a pooling equilibrium, where both
consumer L and consumer H are served the same content, A, = Ay = A. A world

with digitization allows for personalized content, e.g. the firm can choose Ap # Apy.
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Equilibrium and welfare. We consider two different economies, with different
data regimes. In the economy without targeting, the firm chooses the content com-
plexity to maximize P4 + PH:4 6 In the second economy with personalized content,
the firm chooses that content AX, A¥ to maximize PLA" + pHA", Long-term con-
sumer welfare is given by period 2 utility, Us;. To put reasonable bounds on the
problem, we assume that —d'(ci,z — c1,0)(ci,m — e1,n) > BU; p(f(eru)) f'(erm), eg
the complexity cost to the low type of having to process content equal to the level

of the high cognitive type in period 1 exceeds the possible future cognitive benefit.

3 Model Predictions

Our main point is to show how Al can produce cognitive divergence. In showing
this, we see how any technology that adopts or improves content targeting could
generate the same result. This is an important insight for our empirical tests. Since
policy makers have been concerned about social media’s effect on young people, we
consider how children might be represented in this setting. We demonstrate the
greater harm of Al and its accompanying targeted content on them.

For simplicity, we consider the extremes of content that is untargeted and homo-
geneous versus content that is exactly matched to the consumer’s type. We could
instead consider noisy signals about consumer types and model Al as an increase the
precision of the firm’s prediction of each consumer’s type.

We could also have, as in Saeedi et al. (2024), modeled interactions on a network
instead of as an agent problem. However, for our purposes, a simple two-assumption
model - without the additional assumptions needed for various network structures -

is sufficient to obtain our results.

6Note that since there is one consumer of each type, the low and high types have equal population
weights.
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3.1 Information Targeting and Cognitive Divergence

Our first result simply describes the firms’ optimal information complexity choices,
in each of the two economies — the one without personalized content and the one
with. For clarity, we note that we do not require firms to be myopic in deriving this

result - they simply maximize the probability of a sale.

Lemma 1. To maximize the probability of the consumer of type i purchasing the
product by selecting product complexity A;, it is sufficient to mazimize 1+ exp(—v +

d(|e1; — Ail) — BUs(c24)); further, this argument is differentiable and concave.

Proof. The probability that consumer of type ¢ buys the product is given by Equation
1. This function is strictly increasing in its argument; as a result, maximizing Equa-
tion 1 over A; is the same as maximizing the argument 1+ exp(—v +d(|c1,; — Ai]) —
BUs,i(ca;)) over A;.

The argument is differentiable because its components are all differentiable. The
argument is concave because d is convex and increasing in its argument, and Us ;(¢2(A;))

is concave and increasing in A;. O

Proposition 1. Let A(TL) denote the content complexity with targeting for the low
cognitive type, and A&H) content complexity with targeting for the high cognitive type.
Let ANT denote content complexity without targeting. Then A(TL) < ANT < A(TH).

Proof. The probability that consumer of type i buys the product is given by Equation
1. From Lemma 1, to maximize we may take a first order condition with respect to

the internal argument:

0 (1 + e:r;p(—v + d(’Cl’i — AlD — BUQ@(CQJ)))
0A;

= —d'(Jevi — AiI(A; — cva)| + BU,; (f (Ai) ' (As).

Notice that at A; = ¢y, the first term is zero but the second term is positive, so
A? > c1,;. Notice next that A; < ¢; . This is because, by assumption, —d'(¢1, 5 —

CI,L)(CLH_CLL) > BUQ,L(JC(CI,H))JN(CI,H); so that 3(1+6$P(—U+d(\Cla,z—iAi\)—ﬁUz,i(cz,i))) <0.

We now turn to the case without personalized content. Let P,(A) = o(z,(A)) for

g € {L,H}, where o is strictly increasing (e.g. logistic), and z,(A4) = v, — d(|c1,4 —
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Al) + BUsg(cag(A)). From Lemma 1, each z, is strictly concave in A, so that each
zy has a unique maximizer A;. Let A* maximize S(A) = Pr(A) + Pu(A). We wish
to prove that A} < A* < Aj;..

Since o is strictly increasing, A} = argmaxy z,(A) = argmaxy Py(A) and z;(A}) =
0, with z; changing sign from + to — by strict concavity. Define wy(A) = Py(A) (1-
Py(A)) € (0,1/4]. For A # c14, £ Py(A) = wy(A) 2,(A),s0  S'(A) = > geinm WolA) z(A).
(At A = ¢y, interpret the derivative via subgradients; this does not affect signs be-
low.)

To show that A* < A3}, suppose for a contradiction, that A* > Aj;. By single-
peakedness of zp, zj;(A*) < 0. Since A} < A}, < A*, strict concavity also im-
plies 27 (A*) < 0. With w,(A4*) > 0, S"(A") = > wy(A") 25(A*) < 0, contra-
dicting optimality of A*. Similarly, suppose, symmetrically, that A* < Aj. Then
27 (A*) > 0 and, because A* < A} < A}, we also have zj;(A*) > 0. Hence
S'(A*) = >, we(A") z5(A*) > 0, again contradicting optimality. Therefore neither
A* > A} nor A* < Aj is possible, so A7 < A* < A3, O

This model solution lays the foundation for our main result, which proves diver-
gence in utility between high and low types. The divergence in utility arises because

the data-driven targeting exacerbates the divergence in cognitive ability.

Proposition 2. The low type experiences lower utility under the Al regime than
without AL The high type experiences higher utility under the Al regime than without
AL

Proof. Let Agf) denote the complexity of the content shown to type ¢ under targeting,
and A%)T the complexity without targeting.

Since utility in period 2 is the welfare criterion, and is an increasing function of
the content complexity in the first period, and from Proposition 1 A(TL) < Ag\ﬁ}, then
Up L(AF) < Ua 1 (AGD).

Since, from Proposition 1 A(TH) > A%z, then UQ,H(A%H)) < A%z. O

13



3.2 Adding Children

We model children as individuals whose cognitive capabilities are not yet fully
developed. This means children have the same cognitive capability distribution, but
shifted down: they are of type L and type L' = L — (H — L). Since their spending
capacity is lower than adults’, the firm places ¢ small weight on them in the absence
of big data, when deciding which (single) ad to run. With A, the firm can target

ads to children costlessly.

Proposition 3. Children have lower payoffs from the introduction of targeted adver-

tising.

Proof. Since d is continuous, for ¢ sufficiently small, the proof of Proposition 1 con-
tinues to hold, e.g. that the single ad’s complexity is greater than L in the absence
of targeting.

With targeting, that complexity reduces to the child’s cognitive type. Since
welfare is measured by period 2 utility, this means that Us(Ayr) > Ug(Agf)) for each
child type 7. ]

The reason kids are hurt is that they are served less-sophisticated material than
they would be without data targeting. This robs them of the opportunity to challenge
themselves and improve their cognitive functioning.

Of course, many children have cognitive capacity that is lower than most adults.
Perhaps they would be challenged by L-type information. In this simple model, they
are still hurt because their skills would be improved more with the higher-complexity

information. See the discussion of overly-complex information in the next Section.

3.3 Complexity vs. Transparency

A potential criticism of this result is the following: Language that is too complex
is undecipherable. It might be so confusing to the reader that its meaning and/or

educational value are lost. We consider two potential downsides to complexity.
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Costs of overly-complex information.  Perhaps the best information, for the
reader’s well-being, challenges them, but not too much. Even in this case, the point
still stands that the short-run information of the firm serving the ad is not to chal-
lenge the recipient’s cognitive capacity, but to maximize the probability of sale or
engagement. That is best accomplished by targeting at or below their current cog-

nitive level.

Complex language vs. complex ideas There is a long-standing debate about
the merits of using complex language. Defenders argue that complex language ex-
presses complex ideas with more nuance and precision than simple language could.
Detractors argue that complex language reflects a writer’s lack of effort to commu-
nicate clearly. Neither our model nor our evidence will resolve this debate.

Our argument is not that one form of writing is better or worse, but that complex
language is more likely to indicate complex thought. It is a proxy. Complex thought
and language both challenge the human brain to exert effort and grow stronger. Even
if complex language is the result of poor writing and is ineffective at persuasion, it
may still challenge the cognition of the reader or listener. It is this cognitive capacity

which is our focus.

4 Empirical Exercise

We would ideally like to test if more information targeting leads to a greater
divergence in cognitive ability. This is empirically challenging for several reasons.
First, there are few natural experiments where the level of targeting changes with-
out external causes. Second, there are few objective measures of cognitive ability,
especially in conjunction with targeting.”

To provide supportive evidence for our theory, we explore the complexity of online

political discourse. This is a direct test of the theory’s predictions. While the findings

"One policy change we considered was the Plain Language Act of 2010 (US Department of Labor,
2024). However, this was implemented all at once rather than in a staggered manner, and affected
only federal communications; it is therefore not clear what the right cognitive outcome variable
would be.
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are in line with the model’s predictions, the data turn out to be quite noisy and the
scope for alternative explanations is large.
We also present evidence of a long-run decline in cognitive skills. This last piece

of evidence motivates the long-run dynamic model, presented in the last section.

4.1 Time Trend: Variance in Complexity of Political Posts

We here test whether, over time, the complexity of social media posts by political

entities have increased dispersion.

4.1.1 Measuring Complexity

There are many ways to measure language complexity. The Flesch-Kinkaid mea-
sure is probably the most well-known measure. It relies on the number of words
per sentence and the number of syllables in each word. This metric is simplistic
because it mis-classifies complex or less-phonetic, monosyllabic words like “fjord” or
“bough,” as well as simple, common words with many syllables, like “anybody” or
“congratulations.”

More recently, other measures of language complexity emerged to solve these
problems. For example, The Dale-Chall formula uses a list of about 3,000 words
familiar to American fourth graders. The score estimates the U.S. grade level required
to understand the text, based on how many words are on that fourth-grade list.
The score also factors in the average sentence length. Our results make use of this

complexity metric.

4.1.2 Textual Data Set

To capture information that is relevant for democratic governance, we focus on the
Facebook pages of the Democratic Party (DNC) and the Republican Party (RNC).
Specifically, we examine the Democratic Party page, which boasts 1.6 million follow-

ers, and the National Republican Congressional Committee page, which commands
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TABLE 1: Summary Statistics

Statistic Democrats Republicans
Total Number of Posts 10,080 1,946
Average Number of Posts per Month 140 27.03

Min Dale-Chall Readability Score 0 0

Max Dale—Chall Readability Score 35.27 19.62
Average Word Count per Post 26.95 23.04
Standard Deviation of Word Count per Post 16.60 31.26

1 million followers.® These figures are similar for RNC/Republican Party.

Our methodology involves analyzing the textual content of each post on these
pages since their inception. We exclude any URLs or links from our analysis, as
these will be examined separately at a later stage. Within each month of a given
year, we measure the dispersion in the complexity of the posts. This involves applying
complexity measures to assess the readability and linguistic sophistication of the text.
By analyzing the variance in grade level readability across posts within a month, we
gain insights into how the complexity of messaging changes over time.

Using the Dale-Chall complexity measure described above, we give each post a
score. Table 1 provides summary statistics for each page.

Of course, this text is not always bundled with a purchase, as described in the
model. However, it is text that is likely to show up in a Facebook user’s news feed,
interspersed with other posts. The post may be more of less effective in achieving its
persuasive goals, depending on how aligned its messaging is with user characteristics.
The crucial importance of matching political communication with user attributes was
revealed in the Cambridge Analytica scandal, described by Matz (2022).

4.1.3 Divergence of Complexity in Political News

To test our theory, we examine online communications of the major US political

parties. Measuring divergence in political news is an important endeavor, especially

8Note that the National Republican Congressional Committee, has more followers (1 million)
than the Republican Party Page (21k). We therefore choose the page with more followers.
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in an era characterized by increasing polarization and the proliferation of partisan
media outlets. This exercise supports the theory and shows that it operates in a
realm of great importance to society.

The hypothesis is that targeting of information causes the communications to
differ more in their complexity. In other words, we are looking for dispersion in
linguistic complexity, across posts of the same source. If data and algorithms are
getting more precise at targeting recipients with communications designed for their
cognitive level, then this dispersion should rise over time.

For each month, we plot the dispersion in complexity scores observed on a given
website. This graphical representation, depicted in Figure 1, provides a visual un-
derstanding of how the complexity of posts on the DNC and RNC pages evolves
over time. The variance in readability of posts is largely increasing over time: boot-
strapped standard errors give a statistically significant slope for each complexity mea-
sure on each page: regressing the variance in the readability measure on the number
of months since the page’s inception gives a point estimate of 0.13 for Democrats
(95% confidence interval of [0.11,0.16]) and 0.12 for Republicans (95% confidence
interval of [0.08, 0.16]).

While this finding is consistent with the theory, it is far from identifying a causal
effect. It does tell us that something is happening to the complexity of political
discourse. The model offers an explanation, but not the only possible explanation,
for this trend.

4.2 The Decline in Cognitive Ability

An OECD study documents a decline in cognitive abilities across the adult pop-
ulation in many countries. The 2023 Survey of Adult Skills, conducted as part of
the OECD’s Programme for the International Assessment of Adult Competencies
(PIAAC), evaluated the proficiency of adults aged 16 to 65 across 38 countries, in-
cluding 31 OECD and 7 partner economies. The assessment focused on three core
information-processing skills: literacy, numeracy, and adaptive problem-solving in

technology-rich environments. Data were collected between 2017 and 2022, depend-
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ing on the country, with the most recent round concluding in 2023. In total, over
220,000 adults participated in the survey, providing nationally representative samples
for each participating country.

Participants completed direct assessments measuring their ability to comprehend
and work with written texts, use numerical information, and solve problems. Liter-
acy questions required respondents to understand, evaluate, and use written texts en-
countered in everyday life. Tasks included reading emails, interpreting instructions,
or extracting information from newspaper articles. The focus was on the ability to
process text, determine relevance, and make inferences, rather than simply decoding
words. Numeracy questions involved solving problems that required understanding,
interpreting, and using numerical and mathematical concepts in practical contexts.
Examples included calculating discounts, comparing unit prices, interpreting graphs
and tables, and understanding probabilities—tasks reflecting the quantitative rea-
soning needed in daily and workplace settings. Problem-solving questions assessed
individuals’ capacity to use digital tools to access and evaluate information, navigate
software interfaces, and resolve goal-oriented problems. Respondents were asked to
complete tasks such as managing emails, filling out online forms, or finding informa-
tion on a website, requiring them to interact with simulated digital environments.
Scores are reported on a 0-500 point scale for each skill domain. In literacy, 226275
points is the minimum level generally considered necessary to meet the demands of
everyday life and work in a knowledge-based economy.

Figure 2 illustrates the trends in cognitive ability for three representative coun-
tries in the sample and then also for the group as a whole. The increasing lines
indicate an increasing fraction of adults who have a low level of cognitive ability.
Table 2 in the Appendix reports the level and change in scores for literacy and
numeracy, for each country in the sample.

While a few countries, like Finland for example, experience skill improvements,
the majority of countries experience a decline in cognitive skills. The decline in liter-
acy skills is particularly striking. For most countries, cognitive ability was improving
between 2004 and 2010. It was only after 2010 that aggregate cognitive ability wors-
ened. Facebook went public in 2012. Thus, the post-2010 period corresponds to a
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time of rapid expansion in social media use.

A 10-15 point difference in average scores is interpreted as an effect comparable to
the difference in average skill levels between people with one to two additional years
of education. In many countries with the worst outcomes, the decline in literacy is

equivalent to two to four fewer years of education.

4.3 Direct Studies on the Impact of Al

We summarize below the findings of five studies on the impact of Al on output and
thinking. These are consistent with our model predictions that Al reduces cognitive
ability, in the short term for low cognitive ability individuals, and in the longer term

for both low and high cognitive ability individuals.

Undergraduate Essay-Writing (Kosmyna et al., 2025). Fifty-four under-
graduates at MIT were asked to compose a 20-minute essay on a given prompt,
either unaided or with ChatGPT’s assistance. EEG recordings revealed that Al

users showed significantly lower neural activation in regions associated with creative
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thought and attention.

Knowledge Workers Survey (Lee et al., 2025). A panel of 319 professionals
who used generative Al at least weekly reported on over 900 real-world tasks. Only
about 60% of these tasks required substantive critical review of AI outputs; the
remainder were effectively ‘mindless,” and most respondents noted reduced cognitive
effort.

Critical-Thinking Assessment (Gerlich, 2025). Six hundred sixty-six British
adults completed a standardized critical-thinking battery after reporting their fre-

quency of Al use. Heavy Al users scored lower on every subtest.

Divergent Thinking (Kumar et al., 2025). In a randomized experiment with
460 participants, exposure to Al-generated ideas for everyday objects led subjects to

produce less novel and less varied uses themselves.

Novice Programmers (Prather et al., 2024). Twenty-one coding novices at-
tempted a basic programming exercise with or without an Al assistant that inter-
jected both solutions and ‘provocations.” Novices receiving repeated prompts per-
formed worse overall.

Together, these diverse samples and studies are consistent with the core channel
of our theory: differential matching of content complexity to user ability, ampli-
fied by AI’s targeting precision, drives short-run productivity gains for high-ability

individuals and cognitive offloading (and eventual skill decay) for lower-ability users.

5 Long-Run Cognitive Convergence

Given that some modest evidence is consistent with our mechanism, what might
this teach us about what is to come? We use the model to show that a likely outcome
is that after the divergence, we should expect to see long-run convergence, but at a

lower cognitive level.
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5.1 Model

To analyze long-run dynamics, we extend the static model by introducing (i)
generational dynamics, (ii) type uncertainty, and (iii) a lower bound on cognitive
ability. These features were omitted from the short-run analysis but are essential for
studying intertemporal effects.

As before, there are two consumer types, H and L, with initial cognitive abilities
always greater than the cognitive lower bound and satisfying c_; g > c_1 1 > c.

Cognitive ability evolves according to:
Cit = VCig—1 + (L —7) A, (3)

where v € (0,1) is a persistence parameter and A;; is the complexity of the content
consumed. In this overlapping generations model, the law of motion reflects in-
tergenerational transmission of ‘tolerance for complexity,” whereas in a single-agent
dynamic (Section 2) it reflects within-person skill carryover.

In the static setting, firms with AI and large data sets were assumed to observe
consumer types perfectly—an unrealistic assumption. In practice, firms observe noisy
signals of type, with errors that decrease as algorithms improve. We introduce this
type uncertainty by assuming firms observe a noisy signal of type. Firms start out
in period 1 with a moderately noisy signal: s;1 = ¢;o + €1, &1 ~ N(0, af). In each

subsequent period ¢, signals become increasingly precise:
= N(0,07 ;<o li 0
Sit = Cig-1 T 6, & ~N(0,07), o <oy, Jm o > 0.
o

The prior mean of the firm for the ability of for consumer 7 in period ¢ is ¢; ;—1, its prior
variance is 1;+, bounded away from zero in all periods ¢, and its prior distribution is
a normal.

Each consumer of type 7 in period t derives utility:

Upi(v,Air) =v —d(|ci — Aid]) + BW (f(cirs1)) + €tis (4)
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where ¢;; follows a Type I extreme value distribution, v is product quality, and d(-)
captures the cost of a mismatch between content complexity and consumer ability.
We assume W (f(+)) is strictly concave and differentiable. The mismatch cost is given
by:

dlleis — Auy]) L—g(lcie — Aigl),  if Aiy < ciy, (5)

1 —0g(|cie — Aiel), if Ay > ciy,

where # > 1 and g : (0,1) — (0,1) is differentiable, strictly concave and decreasing.
This captures the idea that content that is too complex is more harmful than content
that is too simple. The outside option of not consuming delivers zero utility. To add
more structure to this multi-period model, we further assume that ¢ = £, so that
the cost of mismatch is exactly equal to the inverse of the future cognitive gain from
overshooting; that f’, W' are bounded above by 1; and that # > 3 for a sufficiently

strong complexity aversion discontent.

Optimum Given the distribution of €;;, the probability that a consumer of type &

consumes the content is:

1
[+ exp (—0 + d(les — Asel) = BW (cinn))

(6)

PivAi,t =

In each period, the firm maximizes the probability of consumption by solving:
e Without Al (no targeting): maxa,[Pr a, + Pu.a,)

e With Al and ¢ > 1 (with targeting): maxy,, P; 4,, for each type i

5.2 Optimal Targeting with Type Uncertainty

The next result shows that, even with AI, the firm sets the content complexity
A3, below the ability of high-type content consumers cy, in expectation. This result
does not depend on the dynamic structure of the model. It simply describes how the

static optimum depends on type uncertainty.
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Proposition 4 (Optimal Targeting Under Type Uncertainty). In the AI model with

type uncertainty, the firm’s optimal targeted content complexity Af, i € {L, H} sat-
isfies

Af < Ele; | 5],
with strict inequality in expectation.

Proof. We illustrate the argument for type H (the case for type L is analogous).
The firm maximizes the probability of purchase, which requires maximizing ex-
pected utility:

max  Ee, . [v — d(jex — Apl) + ﬁW(f(AH))].

AHE(071)

By the assumptions made in Section 5.1 that ¢ = f~! and f’ < 1, we have
g =1/ () >1

The first-order condition is:
Eepls |:1{CH2AH} g (cu —An) — Liey<any 0 9'(Ag — CH)] + M(Ap) =0,

where M (Ag) = BW'(f(An))f'(Ar) < B by the bounds on W’ and f’ in Section 5.1.

At Ay = so := E[cy | 5|, the symmetry of the normal posterior implies:

E|:1{CH250} g'(ca —50) = Licyeso} 09 (50 —ca)| = (1 = 0) - Elg'(s0 — cr) - Licy<so})-

Since ¢'(z) > 1 for all z > 0:

Y

N —

E[QI(SO - CH) : 1{cH<so}] >

so the expected marginal cost at sp is < —(6 — 1)/2.

The total derivative at sq is therefore:

0 0—1
- < - -
o, < 5 + 3 <0,

Ag=so
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where the inequality follows from 6 > 3 and 8 < 1.
Since the objective is strictly concave and the derivative at s is strictly negative,
we have A}, < so = Eley | s].

Taking expectations over signals: Eg[A%(s)] < Eq[so] = Elcy]. O

This teaches us that uncertainty lowers the firm’s optimal choice of complexity.
The reason is that the risk of overly-complex information exceeds the costs of overly-
simple information. This assumption is consistent with the experimental aversion to
overly-complex objects in Puri (2025). This difference creates concavity in the firm’s
objective function. With a concave objective function in complexity, uncertainty
lowers the optimal choice of complexity. The firm chooses to hedge the greater risk.
The greater risk is that of too much complexity. Therefore, an uncertain firm chooses
a simpler message.

Whether targeting harms all consumers, or benefits a subset, depends on the
amount of type uncertainty. It also hinges on an assumption we made earlier, that
overly-complex information has a greater utility cost that overly-simple information.
Easy tasks are less unpleasant that ones that strain our abilities. Our bodies are
designed to conserve energy for survival. This includes energy used by the brain. We
are designed to avoid tasks that are overly difficult, even if doing them might benefit
us in the long run. This asymmetry is what makes it likely that, while cognitive
ability may diverge in the short run, it will eventually fall and converge, for all

human kind.

5.3 Short-Term Divergence, Long-Term Convergence

Under the model of Section 5.1, we now show that the cognitive gap widens after
Period 1, when the firm receives moderately precise signals, relative to the cognitive

gap after Period 0, when the firm had no type information.

Proposition 5. In Period 1 (moderately precise signals), relative to period 1’ (no

information), the cognitive gap is wider: ¢y g — c1, > ¢1/.gp — C1/ L.
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Proof. From the proof of Proposition 1, in Period 1’, the firm selects a pooling
complexity content, Ag. The gap after Period 1’ is therefore ¢y g — cv .y = Y(comwr —
CO,H)'

For Period 1, when the firm receives a noisy signal, for each type ¢, the firm

maximizes E,s, [P a,,]. The first-order condition is:
ECilsl [Pi7Ai,l(1 - P'i,Ai,l>[_d,(|Ci70 - Ai,l‘)|ci,0 - Ai,ll + ﬁUz‘/-&-l(ci-i-l,l)(l - 7)]] =0 (7)

Due to the asymmetric cost parameter § > 1, the optimal targeting satisfies
A;1 < Elciplsia] for all 4. This is similar to the proof of Proposition 4.

The cognitive gap becomes ¢1 g — ¢1., = Y(com — cor) + (1 — ) (Arw — A1 ).
This is larger than ¢/ g — ¢/ g when Ay gy — Ay 1, > 0. But this is always true, since
the firm receives a single signal ¢;, and therefore updates its priors E[cou| > E|co L]

in the same direction. O]

We next show that, in the long term, due to the lower bound on cognition c,
cognitive ability for the low and high types coverage, to a lower level than they were

in the world where targeting was never introduced.

Proposition 6. Ast — oo, the cognitive gap narrows: for t large enough, ¢, g —

e, < com — Cor. Further, cip,c.m — C.

Proof. From the proof of Proposition 4, with noisy signals, the firm sets A;; < ¢; ;1
for both types. This implies that cognitive ability decreases over time for both types:
since ¢y = YCi—1 + (L —7)Aiy <Y1 + (1 = 79)Cip—1 = Cig—1.

Since {¢;;} is a decreasing sequence bounded below by ¢, it must converge to
some limit L; > c.

At any limit point L;, the dynamics require L; = vL; + (1 — )A; o, which
implies A; .o = L;. However, from Proposition 4 and its proof, we know that the
firm’s optimal choice satisfies A} < E[¢;|s] — ¢ for some uniform gap £ > 0. This gap
exists because: (i) ¢'(y) > 1 for all y (as established in the proof of Proposition 4),
(ii) @ > 3, and (iii) the derivative of the firm’s objective at E[c;|s] is bounded below
by —(0 —1)/2+ < —1/2<0.
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Therefore, if L; > ¢, we would have A; o, < L; —¢ < L;, contradicting the require-
ment that A; . = L;. Hence, both types must converge to exactly c: lim; o c;y = ¢
fori e {L,H}.

As a result, the cognitive gap vanishes in the long run: lim, ,o(cpy —cr) =0 <

Co,H — Co,L- u

The effect of equilibrium wages As high-cognitive types become scarcer, the
returns to higher cognitive ability may rise, inducing some to work hard to retain
their cognitive ability. One could extend the model with a equilibrium labor market
and various skill types to achieve such an outcome. At the same time, the use of Al
in the workplace could reduce the need for complex cognition there as well.

If we return to the industrial revolution analogy from the start, it suggests another
force that might prevent the collapse of cognition. Perhaps cognitive ability becomes
something that people do for recreation and health. We might derive longevity
benefits or utility from maintaining cognitive ability, just like many gym-users do
today by maintaining their physical strength.

While these and many unforeseen forces may arise to prevent the extreme conver-
gence our results predict, most equilibrium effects do not fully counter the impulse
that generated them. In this case, it may be that none fully offset the cognitively de-
pressive effects of AI. While this is speculative, good planning for the future requires

a degree of speculation and contingency planning, in times of rapid change.

6 Conclusion: Social Consequences

If cognitive ability is like a muscle that needs to be exercised, and if data is used
to target people with different characteristics and deliver them different content, the
natural outcome is that profit-maximizing firms will deliver content that exacerbates
cognitive inequality. Al-driven content provision is like placing candy on the plate
of every diner that has a hard time finishing their vegetables. The candy provides a
short-run rush, makes them less healthy and happy later on and is most harmful to

those who were already struggling to build healthy habits.
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Complexity diverges in political discourse on social media and increases and rises
in conjunction with information targeting technologies. We document these patterns
and show that they are consistent with our cognitive divergence mechanism.

Divergence in cognitive capabilities among Americans carries significant economic
and political ramifications. Economically, cognitive disparities can exacerbate exist-
ing inequalities in income, wealth, and employment opportunities. Those with higher
cognitive abilities are often better equipped to excel in complex and lucrative fields
such as technology, finance, and management, thereby widening the income gap be-
tween cognitive elites and those with limited cognitive capacities. Since the highly
able are often born to parents with similar ability, cognitive stratification inhibits
those with lower initial ability from catching up, hindering inter-generational social
mobility. Long-term stratification can also contribute to social unrest and polit-
ical polarization, as disenfranchised individuals feel excluded from the benefits of
technological progress.

Furthermore, cognitive disparities may intensify ideological polarization. Cog-
nitive elites may gravitate towards political ideologies and movements that offer
nuanced and multi-faceted solutions, advocating for policies that favor intellectual
achievement and economic competitiveness. Conversely, individuals with lower cog-
nitive abilities may be drawn to populist or authoritarian narratives that promise
simplistic solutions to complex societal problems, such as nativism, protectionism,
or anti-establishment rhetoric. This ideological polarization can undermine social
cohesion, compromise the functioning of democratic institutions, and impede efforts
to address pressing social challenges.

Of course, big data and new data algorithms offer many benefits, which were
not the focus of this study. Firms can predict demand and supply more efficiently,
consumers find products they prefer and innovation may accelerate. Throughout
history, similar advances in technology have lifted people out of poverty and im-
proved lives. But such advances usually have some adverse effects that societies
need to understand and to mitigate. One such adverse effect may be the reshaping

of communication and cognition.
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A Data Details

The OECD reports details of the cognitive test scores for each country. We report
these results in Table . The survey also included Switzerland, Croatia, Latvia, and
Portugal in its second round in 2022. But because they were not included in the first
round and we cannot report changes in cognitive ability, we drop those countries

from the sample.
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Country Literacy Literacy Numeracy Numeracy

Change Change
Finland 296 15 294 17
Japan 289 -6 290 -4
Sweden 284 5 285 6
Norway 281 4 285 8
Netherlands 280 3 284 6
Estonia 276 1 281 9
Flemish Region (BE) 273 9 279 8
Denmark 273 9 279 8
England (UK) 272 -1 268 7
Canada 271 -1 271 7
Germany 266 0 273 5
Ireland 263 -2 263 5
Czechia 260 -9 263 -3
New Zealand 260 -21 256 -15
United States 258 -12 249 -7
France 255 -7 252 -3
Singapore 255 -3 247 -17
Austria 254 -12 267 -5
Slovak Republic 254 -20 261 -15
Korea 249 -23 253 -10
Hungary 248 -15 246 -17
Spain 245 -10 243 -6
Italy 245 -8 239 -4
Israel 244 -10 246 -4
Lithuania 244 -10 238 -22
Poland* 236 -31 239 -21
Chile 218 -2 214 -4

TABLE 2: Adult Skills Survey OECD (2024). Statistically significant changes be-
tween 2012-2022 at the 5% level are highlighted in bold.
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