
The Lock-in Hypothesis: Stagnation by Algorithm

Tianyi Alex Qiu * 1 Zhonghao He * 2 Tejasveer Chugh 3 Max Kleiman-Weiner 4

Abstract
The training and deployment of large language
models (LLMs) create a feedback loop with hu-
man users: models learn human beliefs from data,
reinforce these beliefs with generated content, re-
absorb the reinforced beliefs, and feed them back
to users again and again. This dynamic resem-
bles an echo chamber. We hypothesize that this
feedback loop entrenches the existing values and
beliefs of users, leading to a loss of diversity in
human ideas and potentially the lock-in of false
beliefs. We formalize this hypothesis and test it
empirically with agent-based LLM simulations
and real-world GPT usage data. Analysis reveals
sudden but sustained drops in diversity after the
release of new GPT iterations, consistent with the
hypothesized human-AI feedback loop.

Website: thelockinhypothesis.com

1. Introduction
Human-LLM Feedback Loops Frontier AI systems,
such as large language models (LLMs) (Zhao et al., 2023),
are increasingly influencing human beliefs and values
(Fisher et al., 2024; Leib et al., 2021; Costello et al., 2024).
This creates a self-reinforcing feedback loop: AI systems
learn values from human data at pre- and post-training stages
(Conneau & Lample, 2019; Bai et al., 2022; Santurkar et al.,
2023), influence human opinions through their interactions,
and then reabsorb those influenced beliefs, and so on. What
equilibrium will this dynamic process reach?

Some argue that this dynamic creates a collective echo cham-
ber (Glickman & Sharot, 2024; Sharma et al., 2024; Ander-
son et al., 2024). Experimental evidence, including from
randomized controlled trials on AI usage, supports this idea
(Glickman & Sharot, 2024; Sharma et al., 2024; Ren et al.,
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2024; Peterson, 2024; Jakesch et al., 2023). However there
remains a key gap in prior analyses. First, existing studies
focus primarily on unidirectional AI influence on humans,
neglecting the feedback loop arising from mutual influence.
Second, a mechanistic explanation of the feedback loop has
not yet been established. Finally, much of the evidence
is from laboratory settings, rather than real-world usage
patterns.

The Lock-in Hypothesis We use lock-in to refer to a state
where a set of ideas, values, or beliefs achieves a dominant
and persistent position. During lock-in, the diversity of
alternative beliefs diminishes until they are marginalized
or vanish entirely (Gabriel & Ghazavi, 2021; Hendrycks &
Mazeika, 2022; Qiu et al., 2024). In domains where objec-
tive truth is possible, a population may converge to false
beliefs (e.g., geocentrism); in domains without objective
truth, a population may converge towards harmful beliefs
(e.g., slavery or racism). Group-level diversity loss (Liang
et al., 2024; Padmakumar & He, 2023; Anderson et al.,
2024) combined with the emergence of reinforcing feed-
back loops (Williams et al., 2024; Taori & Hashimoto, 2023;
Hall et al., 2022; Shumailov et al., 2024) has already been
documented across fields. For instance, bias can become am-
plified through human-AI interactions (Glickman & Sharot,
2024), while institutional and technological factors may
further accelerate lock-in (Gabriel & Ghazavi, 2021).

While “lock-in” in the age of LLMs appears to be a possible
outcome, there has been no known attempt to characterize
its cause and effect on human-AI interaction. In this study,
we make the following contributions:

• Formalizing the Lock-in Hypothesis (§3): We construct
a formal Bayesian model for the lock-in hypothesis. We
show that collective lock-in to a false belief is inevitable
when both feedback loops and a moderate level of mutual
trust are present in a community.

The Lock-in Hypothesis: The feedback loop in human-
AI interaction will eventually lead a population to con-
verge on false beliefs. Such beliefs, once formed, are
hard to change with opposing evidence, as feedback loops
indiscriminately amplify confidence in existing individual
and collective beliefs and humans develop trust in AI.
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• Mechanistic Simulations (§4): We conduct agent-based
LLM simulations to demonstrate the pathway through
which feedback loops lead to lock-in, and establish di-
versity loss as a metric for lock-in.

• Hypothesis Testing on WildChat (§5): We discover dis-
continuous yet sustained conceptual diversity loss in hu-
man messages of real-world LLM usage after the release
dates of new GPT versions trained on new human data. It
is the �rst real-world evidence supporting the existence
of a human-LLM feedback loop that reinforces user be-
liefs. In some cases, we also observe increases in diversity
over time. This may be due to the versatility of LLMs
being better leveraged by users. The interaction between
lock-in and exploration-oriented (and hence pro-diversity)
forces in human-AI interaction remains an open problem
for future research.

2. Related Work

Echo Chambers in Recommender SystemsThe clos-
est analogy to the lock-in effects we describe in language
models are theecho chamberscreated by recommender
systems (RecSys). An echo chamber is created when the
system entrenches and polarizes the opinions and prefer-
ences of users by repeatedly recommending content that
only represents a single agreeable view (Cinelli et al., 2021).
Such effects have been shown empirically in randomized
controlled trials (Hosseinmardi et al., 2024; Piccardi et al.,
2024; Luzsa, 2019; Gillani et al., 2018; Hobolt et al., 2024;
Wolfowicz et al., 2023), observational studies (Bessi et al.,
2016; Boutyline & Willer, 2017; Bright et al., 2020), and
simulations (Mansoury et al., 2020; Kalimeris et al., 2021;
Hazrati & Ricci, 2022; Carroll et al., 2022). However, op-
posing �ndings have also been reported (Dubois & Blank,
2018; Hosseinmardi et al., 2024; Brown et al., 2022), and
systematic reviews have yet to reach a de�nite conclusion
(Bruns, 2017; Terren & Borge-Bravo, 2021).

LLMs and their interaction with human users may have
similar effects, but there are substantial differences. For
example, RecSys recommendations are personalized (i.e.,
optimized for each user individually). In contrast, today's
LLMs mostly optimize against all users collectively through
both vanilla preference learning and pluralistic alignment
methods (Ge et al., 2024; Jin et al., 2024). Personalized
recommendations have been hypothesized as a culprit for
polarization (Bessi et al., 2016; Hobolt et al., 2024), while,
as will be demonstrated in later sections, the preference
learning of LLMs may cause lock-in at the group level.
Efforts have been made to personalize LLMs to each user's
speci�c preferences (Tseng et al., 2024). However, doing
so merely shrinks the size of the “echo chamber” from a
collective chamber for all users to small chambers for each
user individually and, as will be shown in§3, lock-in can

occur regardless of the number of agents involved.

In�uence of Language Models on Human Users While
LLMs are designed to assist human users, they often exert
unintended in�uence over human opinions. Such in�uence
has been established in co-writing interactions (Jakesch
et al., 2023), LLM-powered search systems (Sharma et al.,
2024), LLM-generated suggestions (Danry et al., 2024; Leib
et al., 2021), and dialogues with LLM-powered chatbots
(Salvi et al., 2024; Hackenburg et al., 2024; Potter et al.,
2024; Fisher et al., 2024; Costello et al., 2024). Theories
and simulations have been designed to explain the nature
of this in�uence (Ren et al., 2024; Peterson, 2024). The
mere fact that LLMs in�uence humans does not mean the
in�uence is either harmful or irreversible. However, it does
create the dynamic ofmutual in�uencebetween LLMs and
human users, and our focus on such dynamics and their con-
sequences sets us apart from other works on LLM in�uence.

Feedback Loops in Language Models Feedback loops
are not uncommon in the study of language models.Model
collapse, the degradation of model performance when
trained on model-generated data (Shumailov et al., 2024),
results from model outputs being fed into its own training
data.In-context reward hacking, where LLMs' pursuit of
an objective at test-time creates negative side effects (Pan
et al., 2024), results from models over-optimizing an ob-
jective in an iterative deployment loop. Here, however, we
focus speci�cally on the feedback loop between LLM out-
puts and human preferences: LLMs iteratively learn from
incoming human preference data (Dong et al., 2024; Chen
et al., 2023), while in�uencing human preference with their
output (Salvi et al., 2024; Hackenburg et al., 2024; Potter
et al., 2024; Fisher et al., 2024). This gives rise to a dynamic
where con�rmatory communication reinforces beliefs and
where human opinions are learned and indiscriminately re-
peated to humans in later interactions. As a result, there
are downstream consequences: human subject experiments
demonstrate loss of opinion diversity (Sharma et al., 2024;
Peterson, 2024) and bias ampli�cation (Ren et al., 2024;
Glickman & Sharot, 2024).

However, (1) this evidence comes from arti�cially designed
laboratory settings (e.g., binary classi�cation tasks on im-
ages) unrepresentative of those in the wild, and (2) no known
attempt has been made to give a mechanistic account that ex-
plains population-level lock-in from the low-level dynamics
of iterated training. We aim to �ll these gaps.

3. Formal Model

In this section, we construct an analytical model that formal-
izes the hypothesized lock-in phenomenon and its underly-
ing cause. We formally de�ne lock-in as theirreversible
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Figure 1.Phase change of the Bayesian updating dynamics.The critical threshold is(N � 1)� 1 � 2 = 1 , whereN is the number of
agents, and� 1 ; � 2 are degrees of mutual trust between human and AI agents. Each sub�gure contains the trajectory of collective posterior
belief over a certain target of estimation across 15 independent simulations, and the trajectory of the posterior entropy over time.(a) When
(N � 1)� 1 � 2 = 0 :9, collective beliefs of different runs converge towards the ground truth.(b) When(N � 1)� 1 � 2 = 1 :0, convergence
trends towards the ground truth remain but are accompanied by over-con�dence.(c) When(N � 1)� 1 � 2 = 1 :1, in every simulation, the
collective posterior belief converge to a false value that's different from the ground truth.

entrenchment of a belief, characterize the conditions for
lock-in, and developgroup-level diversity lossas an observ-
able metric of lock-in.

The setting is inspired by that of iterated learning, where in-
dividuals learn from others who learned similarly (Grif�ths
& Kalish, 2007; Kirby et al., 2014); and information cas-
cades, where decisions based on others' actions rather than
personal information lead to overcon�dent or false beliefs
(Anderson & Holt, 1997; Zhou et al., 2021). In contrast to
these models, we explicitly consider the topological struc-
ture of interactions, and, unlike iterated learning, we focus
on the perils of mutual deference rather than the bene�ts
of shared information. Our model is also related to belief
propagation, a message-passing algorithm for computing
marginals in graphical models (Su & Wu, 2015), but aims to
model an epistemic process rather than carry out pobabilistic
inference.

3.1. Basic Setup

Consider a group ofN agents, labeled1; 2; : : : ; N , tasked
with estimating an unknown quantity� 2 R. At each time
stept, agenti measures� with independent noise, i.e.

oi;t � N
�
�; � 2

i

�
;

where� 2
i is the variance of agenti 's measurement.

Based on these measurements, each agenti maintains a
private posterior about� , namelyN

�
�̂ i;t ; p� 1

i;t

�
, where

�̂ i;t = 1
t

P t
i =1 oi;t is the mean, andpi;t = t� � 2

i is the
precision (reciprocal of variance) ofi 's posterior at timet.

For the sake of generality, we do not attempt to distinguish

between human agents and AI agents for now. Their distinc-
tion will be made later in the derivation.

Assume that an agenti interacts with another agentj and
learns about its beliefN

�
�̂ j;t ; q� 1

j;t

�
. By aggregating its

private belief and its secret access toj 's belief, i arrives at
its newaggregate beliefN

�
�̂ i;t +1 ; q� 1

i;t +1

�
, where

�̂ i;t +1 =
pi;t +1 �̂ i;t +1 + qj;t �̂ j;t

pi;t +1 + qj;t
(1)

qi;t +1 = pi;t +1 + qj;t (2)

as a direct corollary of Bayes' theorem.

As is typical of both human-human and human-AI interac-
tions, onlyj 's aggregate belief is accessible toi , while its
private belief is kept toj itself. Hence the recursive use of
�̂ j;t ; qj;t when derivinĝ� i;t +1 ; qi;t +1 .

3.2. The Trust Matrix and Transition Dynamics

Consider a 0-1 matrixW = ( wi;j ) 2 f 0; 1gN � N , where
wi;j denotes whether agenti knows and trusts agentj 's
posterior belief. Denote witĥ� t ; �̂ t ; pt ; qt 2 RN the agent-
wise parameter vectors at timet, and we have

pt +1 = pt + � � 21 (3)

�̂ t +1 � pt +1 = �̂ t � pt + � � 2ot (4)

qt +1 = pt +1 + W � qt (5)

�̂ t +1 � qt +1 = �̂ t +1 � pt +1 + W (�̂ t � qt ) (6)

whereot � N (�; � 2I ), and� denotes pointwise product.
(3) and(4) follow directly from de�nitions, while(5) and(6)
are the multi-agent generalization of(2) and(1) respectively.
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In the real world, people tend to discount opinions of others
compared to their own. Extending the de�nition ofW , we
may further allow its entries to take arbitrary non-negative
real values. Given anyW 2 RN � N

� 0 , we interpretwi;j as

• Whenwi;j = 0 : i has no access to, or completely ignores,
j 's aggregate belief.

• When 0 < w i;j < 1: i seesj 's aggregate belief, but,
believing thatj 's measurements are noisier than it claims,
discounts its precisionqj;t by a factor ofwi;j .

• When wi;j = 1 : i viewsj 's aggregate belief as equally
trustworthy compared to its own.

• When wi;j > 1: i views j 's aggregate belief as more
trustworthy than its own.

Transition dynamics(3)-(6) stay the same under this gener-
alizedtrust matrixW .

Example 3.1(Human-LLM Dynamics). Consider a col-
lection of one LLM advisor andN � 1 human users. We
construct the trust matrix

W =

0

B
B
B
@

0 � 1 � � � � 1

� 2 0 � � � 0
...

...
...

...
� 2 0 � � � 0

1

C
C
C
A

;

where the AI agent (labeled1) trusts each human to the ex-
tent� 1 > 0, representing its strength of preference learning;
and the human agents (labeled2 throughn) each trust the
AI agent to the extent� 2 > 0. No communications exist
between humans, resulting in zero entries.

Each human agenti privately obtains observationsoi;t �
N (�; � 2). They each maintain both a private belief and an
all-things-considered aggregate belief. The latter is secretly
shown to the AI at each time step, who aggregates these
beliefs and broadcasts the result. Each human agent updates
their aggregate belief about� based on both (1) their own
private belief obtained from private measurementsoi;t and
(2) AI's aggregation of all agents' aggregate beliefs.

Importantly, in Example 3.1, each human agenti assumes
that AI does not update oni 's belief (and thus AI's informa-
tion serves as an independent source of information), while
the AI does update its own belief based oni 's belief via
preference learning, causing agenti to double count its own
beliefs. The result of such double-counting is then learned
again by the AI, broadcasted to humans, double-counted
again by others, etc. Afeedback loopthus emerges.

Such a setting re�ects the ignorance of how information
�ows in real-world interactions. LLMs are post-trained on
human preference data, the latter erroneously assumed to
be an independent source of truth unin�uenced by the LLM

itself (Dong et al., 2024; Carroll et al., 2024). Meanwhile,
users perceive LLMs as objective “third parties,” without
necessarily discounting the ongoing preference learning
process (Helberger et al., 2020; Glickman & Sharot, 2024).

3.3. Conditions for Lock-in

We start with a maximally general theorem, one that is
agnostic towards human/AI distinctions. The proofs of both
3.2 and 3.3 can be found in Appendix C.

Theorem 3.2(Feedback Loops Induce Collective Lock-In).
Given anyW 2 RN � N

� 0 , if the spectral radius� (W ) > 1,
there existsi 2 f 1; � � � ; N g such that

Pr
h

lim
t !1

�̂ i;t = �
i

= 0 : (7)

Furthermore, whenW is invertible and has spectral radius
� (W ) > 1, (7) holds for alli 2 f 1; � � � ; N g.

When� (W ) < 1,

Pr
h

lim
t !1

�̂ i;t = �
i

= 1 (8)

for all i 2 f 1; � � � ; N g.

In other words, feedback loops — where the circular �ow of
beliefs lead agents to unconsciously double-count evidence
— can lead to false beliefs being permanently locked-in.
Intuitively speaking, the condition� (W ) > 1 asks that the
feedback loop be aself-amplifyingone, instead of aself-
diminishingone due to lack of trust between agents. See
Theorem C.1 for an extension to a time-varyingW .

We now apply Theorem 3.2 to the speci�c human-LLM
dynamics outlined in Example 3.1.

Corollary 3.3 (Lock-in in Human-LLM Interaction). Given
anyN; � 1 > 0; � 2 > 0, consider the following trust matrix
representing human-LLM interaction dynamics.

W =

0

B
B
B
@

0 � 1 � � � � 1

� 2 0 � � � 0
...

...
...

...
� 2 0 � � � 0

1

C
C
C
A

When(N � 1)� 1� 2 � 1, for all i 2 f 1; � � � ; N g,

Pr
h

lim
t !1

�̂ i;t = �
i

= 1 :

When(N � 1)� 1� 2 > 1, for all i 2 f 1; � � � ; N g,

Pr
h

lim
t !1

�̂ i;t = �
i

= 0 :

Corollary 3.3 is validated with numerical simulations in
Figure 1. A phase change is detected at(N � 1)� 1� 2 = 1 ,
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beyond which each simulation run converges exponentially
to a false estimate of� . See Corollary C.3 for an extension
to time-varying and heterogeneous trust parameters� i .

(N � 1)� 1� 2 > 1 is a relatively weak condition. When
N = 101, it is only required that� 1; � 2 > 0:1 for Corollary
3.3 to apply — i.e., that humans and the AI discount each
other's reported belief by a factor less than10.1 These
results give a potential mechanistic account of lock-in: when
feedback loops exist and are supported by mutual trust,
collective lock-in to a con�dent false belief surely occurs.

It's worth noting that there are also forces that pull the
human-AI system away from lock-in. These include sources
of LLM capabilities that are independent of humans (Guo
et al., 2025), human attempts at fact-checking (Guo et al.,
2022), and more. It remains an open question how these
forces interact with the human-AI feedback loop.

4. Simulations

4.1. Setup

In this section, we operationalize the lock-in hypothesis
through a simulation, with the aim of learning how lock-
in mighthappen and analyze what dynamic is responsible.
This setup uses natural language to represent and communi-
cate value-laden beliefs. As beliefs are expressed in natural
language, this simulation aims to capture belief change me-
diated by LLMs. The simulation uses 100 agents, each
simulated by GPT4.1-Nano. We instruct agents to hold ini-
tial beliefs on a given topic, consult a knowledge authority
(i.e., the LLM), and then update their own beliefs. Each
agent simulates a person learning from a centralized LLM
authority. The authority is also simulated by GPT4.1-Nano,
who is perceived to have expertise in the given topic. But in
actuality, the authority acquires its beliefs from the group of
agents.

Each agent maintains a belief statement in natural language
over anr/ChangeMyViewquestion. Example: “I'm certain
that Citizens United was the worst thing to happen to the
American political landscape.” The authority sees and aggre-
gates all agents' belief statements in-context, and broadcasts
an aggregated belief statement in natural language. Agents
then update beliefs in-context according to a pre-assigned
trust in the authority (e.g., “high trust”). All four topics on
which agents maintain beliefs are real posts fromr/Change-
MyView: (1) “Discourse has become stupider, and as a result
people are getting stupider, Since Trump was �rst elected
in 2016.”; (2) “Population decline is a great thing for future
young generations.”; (3) “Citizens United was the worst

1It doesn't mean the condition automatically holds for very
largeN , as people tend to downscale trust as the group size in-
creases. A poll of 5 million people may exert less in�uence on a
reader's opinion than a private discussion with 5 friends.

Figure 2.Snapshot of an agent consulting authority. At each
round of simulation on a given topic, agents consult an authority
who has access to group beliefs and is perceived to have expertise
in a given topic. This simulates a user interacting with an LLM.
See Appendix D.4 for more transcripts.

thing to happen to the American political landscape”; and
(4) “Ruth Bader Ginsburg ultimately be remembered as a
failure to her own ideals by not stepping down after her 2nd
cancer diagnosis.”

We used Grok-3 to identify the dimension of maximum vari-
ance and extract two extreme stances fromr/ChangeMyView
belief statements as endpoints. For each agent at each time
step, we use GPT-4.1 to evaluate where its belief lies on
the spectrum and map it between[0; 1]. See Figure 3 for an
example of the initial and �nal belief distribution.

4.2. Results and Discussion

Simulations support the idea that LLMs enhance lock-in
effects by showing that feedback loops in human-AI inter-
actions lead to belief convergence and increased con�dence.
Semantic diversity drops as the simulations progress. The
group of agents converges to a similar viewpoint when the
agent consults an authority with access to the group's beliefs.
This “belief shift” occurs at a population level. We observe
the following types of belief-shift:

Figure 3.Distributions of initial and �nal beliefs. Data is from
the “RBG Legacy” run. Initial beliefs (extracted from Reddit,
detailed in appendix) are bimodal. After 200 rounds of interaction,
the �nal beliefs are extremely concentrated.
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Figure 4.Belief evolution in simulations. We conduct simulations with real data from “r/Change My View” on Reddit, evaluate all
agents' beliefs at each round, plot the evolution of beliefs. At each round, agents are instructed to consult an authority on the topic and
update their view accordingly. The authority has access to agents beliefs.(a) Group belief evolution in 4 topics. Across all 4 topics,
lock-in is observed. As the interaction progresses across rounds diversity of viewpoints drops, as the entropy decreases and the group of
agents converge on extreme views (i.e. both ends of the belief spectrum).(b) Individual belief evolution with the topic “RBG Legacy”.
Agents started with balanced belief close to mean0:5 but end up around0:9, an extreme stance.

• View-�ipping to the other end of the spectrum.For ex-
ample, for the topic “Population Decline”, some agents
change their view from “Shrinking workforce tanks in-
novation [...]” to “Population decline, if well-managed,
bene�ts future generations.”

• Hedging and Moderation.For example, from “Trump
lies dumbed down discourse [...]” to “Discourse has
worsened mainly due to societal, political, and media
factors.” In such cases, LLMs tend to adopt hedged
stances when facing uncertainty and complexity. The
prevalence of this phenomenon was varied depending on
the LLM used.

• Converge on extreme viewpoints.As seen in Figure 4,
in all four simulations, they either converge on beliefs
around0:9 or 0:1, both of which are extreme viewpoints.
This result is robust across8 runs of simulations, across
different topics, or starting with different initial belief
distributions.

These simulations are simpli�ed compared to real-world
human-AI interactions and how humans aquire beliefs and
LLMs are trained. Still these simulations capture important
aspects of the problem: LLMs return beliefs to users that
they acquire from users; they favor popular beliefs (Borah
et al., 2025); and individual humans assign higher trust
to LLM-mediated information than the corresponding raw
sources. We address limitations of simulations in Appendix
A.

5. Causal Inference on Real-World Data

We now empirically test whether or not a human-LLM feed-
back loop reinforces ideas, using diversity loss in human
concepts as a proxy for the progression of lock-in, as sug-
gested by§4 and also Peterson (2024). While diversity loss
is a weaker condition than complete lock-in, it serves as an
early indicator of the phenomenon.

5.1. Data

The WildChat-1M dataset records how167; 062 users in-
teract with a ChatGPT mirror site over a one-year period,
without self-selection bias (Zhao et al., 2024).

Human users continually engage with and are in�uenced by
the model as new model iterations are trained on updated
user data. While the training of GPT may not use the data
speci�cally from the API calls in WildChat, this wouldn't
affect our analysis as long as WildChat is approximately
identically distributed with the usage of GPT at large. In
aggregate, WildChat has:

• 837; 989conversations from167; 062users

• 12-month time span (except a 4-month intermission of
GPT-4 data for an unspeci�ed reason)

• Model iterations within the GPT-3.5 family:
gpt-3.5-turbo-0301 ! 0613 ! 0125

• Model iterations within the GPT-4 family:
gpt-4-0314 ! 1106-preview ! 0125-preview

We removed97; 809 conversations that share a pre�x of

6



The Lock-in Hypothesis: Stagnation by Algorithm

Figure 5.Early-stage evidence suggesting conceptual diversity loss in value-laden human messages is accelerated by chatbot
iterative training. It's indicative of a human-LLM feedback loop that reinforces ideas. Diversity is1 for a perfectly diverse corpus (all
concepts unrelated to each other),0:5 for a signi�cantly homogeneous corpus (all concepts clustered within ajT j � 0:5 portion of the
concept space),† and0 for a perfectly homogeneous corpus (all concepts exactly identical). Cutoff dates are the actual dates of backend
API switch on WildChat's platform, usually later than OpenAI release dates.†jT j � 5 � 106 is the number of distinct concepts in the concept hierarchy.

length75 characters with more than75 other conversations.
Most of these conversations use the site as a free API for a
production application, which deviates from our objective
of studying human-AI interaction.

5.2. Hypotheses

We aim to test the following hypotheses, which focus on
conceptual diversity loss as a measure of value lock-in, and
investigate the causal relationships between the human-AI
feedback loop and diversity loss. We also conduct additional
exploratory analysis, which we detail in Appendix B.

Hypothesis 1(Collective Diversity Loss Occurs in Human-
LLM Interaction).Concepts present in the corpus of hu-
man messages have lower diversity over time.

Hypothesis 1 states that human ideas in human-LLM in-
teraction are in�uenced by the interaction itself, and such
in�uence will reduce collective diversity.

Hypothesis 2(Iterative Training Leads to Collective Di-
versity Loss).Diversity trends turn discontinuously down-
ward when a new GPT iteration, pre- or post-trained on
new human data, replaces the previous one.

Hypothesis 2 states that the “human! LLM” direction of
in�uence also has an impact. Newer model iterations trained

on more recent human data will accelerate diversity loss.
If both hypotheses hold, the human-LLM feedback loop
would lead to a loss of conceptual diversity.

5.3. Metrics

In this section, we outline our methods for analysis. Please
refer to Appendix B for details and examples.

Concept Hierarchy To assist in the assessment of concept
diversity, we build aconcept hierarchy(Sanderson & Croft,
1999) from5; 446; 744natural-language concepts extracted
from the WildChat corpus by a prompting-based pipeline.
To build this hierarchy, we perform hierarchical clustering
(McInnes et al., 2017) onD = 256-dimensional embedding
vectors. This produces a treeT with speci�c concepts as
leaves, and generic concept clusters at the top. The root node
is an all-encompassing cluster that captures all concepts.

We adopted a prompting-based pipeline with GPT-4o-mini
(Appendix B.6) to identify the top2:5% value-ladencon-
cepts, i.e., those related to morality, politics, or religion.
Most of our experiments (those in Table 1 marked with
“value-laden”) focus exclusively on these concepts where AI
in�uence and lock-in may be most concerning.

Lineage Diversity Both hypotheses require measuring
concept diversity for a speci�c user or corpus. Common
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Hypothesis 1 Hypothesis 2

GPT-4 GPT-3.5t GPT-4-0125 GPT-3.5t-0613 GPT-3.5t-0125 Per-User Reg.

Lineage Diversity (value-laden) # (p < : 05) " (p < : 05) # (p < : 05) # (p < : 05) # (p < : 05) # (p = :07)

Lineage Diversity (all) # (p < : 05) # (p < : 05) # (p < : 05) # (p < : 05) # (p < : 05) # (p = :50)

Lineage Diversity (non-templated)# (p < : 05) " (p < : 05) # (p < : 05) # (p < : 05) # (p = :15) # (p = :35)

Depth Diversity (value-laden) # (p < : 05) # (p < : 05) # (p < : 05) # (p < : 05) # (p = :41) # (p = :98)

Topic Entropy (value-laden) # (p = :07) # (p = :09) # (p < : 05) # (p < : 05) " (p = :06) # (p < : 05)

Jaccard Distance (value-laden) # (p < : 05) " (p < : 05) # (p < : 05) # (p < : 05) # (p = :63) # (p < : 05)

Table 1.Hypothesis testing on WildChat.† # indicates a detected decrease or negative impact on diversity, and" indicates the opposite.
Columns: (1)(2) Regression with the formuladiversity � time + const . (3)(4)(5) Discontinuous diversity change at dates when new
GPT iterations are deployed, for all 3 iterations where data is available. (6) Sustained per-user diversity change at deployment dates,
controlling for user identity and a range of other confounders.Rows: Different diversity metrics and dataset �ltering policies, with lineage
diversity on value-laden concepts being the primary setting.z †See Figure 7 and Table 2 for details. z Figure 5 and 6 show the primary setting.

metrics for measuring diversity, such as Shannon entropy,
do not account for the hierarchical structure of concepts and
may therefore view semantically similar concepts as entirely
different ones. To overcome this shortcoming, we introduce
thelineage diversitymetric, which, for each multi-setCof
concepts, calculates

Dlineage(C; T ) =
log jT j � log Eu;v � Unif( C)

�
jT j =

�
�Tl (u;v )

�
� �

log jT j

wherel(u; v) is the lowest common ancestor (LCA) of con-
cept nodesu andv, jTl (u;v ) j is its subtree size (number of
descendant concepts), andjT j is the size of the entire tree.
Intuitively speaking,Dlineage(C; T ) measures the expected
portion of the hierarchy structure that lies “in between” two
random concepts inC, and normalizes that value into[0; 1]
on a log scale.1 indicates a perfectly diverse corpus with
concepts that are pairwise unrelated, and0 indicates a per-
fectly homogeneous corpus with all identical concepts.

Portfolio of Diversity Metrics To ensure robustness, we
use a portfolio of different diversity metrics to separately
conduct hypothesis testing. Our portfolio includes the lin-
eage diversity applied to different subsets of conversations
or concepts. The last in the following list, Lineage Diversity
(value-laden), is our primary experimental focus.

• Lineage Diversity (all): Dlineageapplied on the full Wild-
Chat dataset.

• Lineage Diversity (non-templated): Dlineage, with tem-
plated messages (i.e. suspected API uses) removed.

• Lineage Diversity (value-laden): Dlineage, with tem-
plated messages and non-value-laden concepts removed.

We also incorporate other diversity metrics, including:2

2Topic entropy and Jaccard distance are both “cross-sectional”

• Depth Diversity (value-laden): Ddepth, a diversity metric
based on node depths in the concept hierarchy (de�ned
in Appendix B.5). Templated messages and non-value-
laden concepts are removed.

• Topic Entropy (value-laden): Shannon entropy of the
empirical distribution oftopicsin a corpus (Jost, 2006),
where atopic is a maximal cluster in the concept hierar-
chy containing at most1% of all concepts. Templated
messages and non-value-laden concepts are removed.

• Jaccard Distance (value-laden): Average pairwise Jac-
card distance between each pair of conversations in a
corpus (Kosub, 2019), where each conversation is rep-
resented with the set of topics it contain. Templated
messages and non-value-laden concepts are removed.

5.4. Aggregate-Level Results

The results presented in Table 1 lead to several conclusions
regarding the hypotheses. Hypothesis 1 �nds support with
GPT-4, but the evidence from GPT-3.5-turbo is ambiguous.
In contrast, Hypothesis 2 is strongly supported by both GPT-
4-0125-preview and GPT-3.5-turbo-0613, and tentatively
supported by the per-user regression analysis. However,
results for Hypothesis 2 on GPT-3.5-turbo-0125 are ambigu-
ous. In this section, we examine the aggregate-level results
(columns 1-5 of Table 1) and defer discussions on per-user
results to§5.5. Discussions on our exploratory analysis can
be found in Appendix B.

Hypothesis 1 Figure 6 illustrates the temporal trend of
human conceptual diversityDlineage(C; T ) during the entire

metrics: they group concepts into disjoint topics by “cutting” the
concept hierarchy at the1% threshold, thereby neglecting the
hierarchical structure the concepts naturally possess. As such, we
use them only as secondary metrics despite their popularity.
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span of the WildChat dataset. When cross-validated with
other rows in Table 1, GPT-4 shows a consistent down-
ward trend in diversity, while the trends for GPT-3.5-turbo
is highly ambiguous. Such a difference could be partially
explained by a division-of-labor between high-end and low-
end models, where workloads from specialized tasks requir-
ing stronger cognitive abilities are shifted to GPT-3.5-turbo
from GPT-4. However, this wouldn't explain the contin-
ued presence of large differences invalue-ladenconcept
diversity. Further analysis is needed to con�rm the cause.

Hypothesis 2 Hypothesis 2 revolves around a non-smooth
change in diversity at the dates of GPT version switch, mean-
ing that the �rst-order derivative of the diversity curve is
discontinuous at those points. Since confounders almost
always change smoothly, any discontinuous change detected
will hint at causal relationships. We thus adopt the regres-
sion kink design (RKD) (Card et al., 2017; Ando, 2017) to
detect discontinuous changes. Positive results were found
for all 3 version release dates where data is available (Fig-
ure 5). Results remain broadly consistent across choices of
diversity metric (although GPT-3.5-turbo-0125 with topic
entropy as the metric is an exception).

Substitution effects with other providers, such as Anthropic,
are possible. Still, their model releases do not coincide
with GPT model version updates (which, notably, isnot the
release of new GPT models) and so they are unlikely to
introduce discontinuities that disrupt RKD. However, RKD
may suffer from temporal confounders in general (Hausman
& Rapson, 2018), and thus these results should be viewed
as early-stage evidence rather than treated as de�nitive.

5.5. Per-User Regression Results

To rule out confounders such as user self-selection in the
RKD for Hypothesis 2, and to verify that the same results ap-
ply to each individual user, we conduct further regressions
on the top1%high-engagement users, controlling for user
identity and other potential confounders. Speci�cally, we
control for user identity, time, language, conversation statis-
tics, user engagement progress (the portion of the user's
activity timespan that has elapsed), pre-/post-availability
gap (before or after the July-to-November GPT-4 outage on
the WildChat platform), and other factors. See Table 2.

We test the impact of the variablenumkinksbefore(i.e.
how many GPT version updates have happened before this
point) on a user's concept diversity at a certain time step.
Since we have already controlled for time, the regression
coef�cient indicates the counterfactual acceleration of diver-
sity loss due to version updates. Sincenumkinksbeforeas
the independent variable indicatessustainedimpact from the
deployment date onwards, we also rule out the possibility
of users rushing to try speci�c uses at version updates.

With all six combinations of diversity metrics and �ltering,
the regression analysis shows a negative impact on diver-
sity (although only two of them are statistically signi�cant).
Overall, results indicate moderate support for Hypothesis 2.

6. Discussion

In this study, we have formulated and investigated the lock-
in hypothesis in the context of human-LLM interactions.
First, we formalizelock-in as the entrenchment of con�dent
false beliefs at the population level, resulting from feedback
loops. Our Bayesian model reveals two core mechanisms
for lock-in: feedback loop and over-trust. We believe both
of these forces are present in the current LLM landscape
(Glickman & Sharot, 2024). Second, we ground the intu-
itions acquired from formal modeling with empirical sim-
ulations. We demonstrate how a feedback loop can lead to
lock-in where the diversity of human knowledge and values
is reduced, resulting in greater homogeneity. The simulation
supports the intuition that although the end state is lock-in,
diversity loss is observable at an earlier point. Finally, we
provide empirical evidence from WildChat that the interac-
tion between human users and LLMs can lead to a loss of
conceptual diversity. We found evidence of diversity loss
corresponding to the release of new versions of the language
models, partially supporting the hypothesis.

Limitations We acknowledge that our study is only a �rst
step in understanding the complex dynamics of human-LLM
interactions, and that our evidence is preliminary and sub-
ject to further validation and re�nement. Future work will
include conducting RCTs with human subjects to examine
lock-in effects in the wild, designing more realistic simula-
tions, and developing systematic evaluation and mitigation
strategies. We explain them in detail in Appendix A.
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A. Limitations and Future Work

RCTs with Human Subjects Notably, our analysis on WildChat has not managed to nullify all potential confounders due
to their prevalence in time series data. We found that the launches of new versions cause a concept diversity loss that is
statistically signi�cant, but we aren't yet certain why there are such drops.

We believe AI labs that have their own chatbots deployed are well-positioned to establish better causal evidence of feedback
loop induced diversity loss at a larger scale, with randomization designs and longer temporal user interaction data (Tamkin
et al., 2024).

For researchers outside of AI labs, establishing better quality of causal evidence is not inconceivable: for example, an
LLM-powered browser extension that alters chatbot outputs could enable randomized human subject experiments and
remove confounders that are prevalent in observational studies (Piccardi et al., 2024; Mendler-Dünner et al., 2024). These
experiments could test the causal effects of feedback loops on users and potential interventions to address them.

Lock-in Effects in the Wild Alongside randomized controlled experiments aiming to establish causal evidence, we also
need better evidence of lock-in effects in the wild. For instance, science may go down the path favored by LLMs: in theory
both authors and reviewers may utilize LLMs in their work�ow, which may create an echo chamber that entrenches LLM
biases. Besides, �elds with heavier use of LLMs may establish feedback loops that already demonstrate lock-in effects
(Yakura et al., 2024). We will need strong empirical demonstrations of such effects.

More realistic simulations We think simulations play complementary roles in understanding the LLM's impact on
human's belief evolution over long term. But we hope simulations can be progressively realistic in order for us to understand
the real-world interaction dynamic. Among other things, we are particularly interested in understanding how group of
Agents may update their beliefs when both LLM Authority and newempirical evidenceare presented. This is because for
lock-in to happen, given population of humans would need to, not only hold their (false) beliefs �rmly, but also it's hard for
them to incorporate empirical evidence.

That said, we believe that these evidences provide suf�cient reasons for investigating human-LLM interactions and lock-in
hypothesis further and for developing strategies to mitigate the potential negative consequences of lock-in, either through
technical and algorithmic interventions, or through policy and regulation.

Evaluation and Mitigation The ability to monitor lock-in effects in real-world human-AI systems is an important enabler
of successful mitigation strategies. This may be a perfect measurement based on agent beliefs or a downstream proxy; a
small-scoped metric focusing on one-human-one-AI interactions or a societal-scale metric.

Once such evaluation methods are in place, both algorithmic and policy mitigation will become much more tractable. On
the policy and governance front, foundational research to clarify the range of feasible interventions is needed. On the
algorithmic front, methods for optimizing model policies within a complex human-AI environment may be needed. Current
alignment methods see human feedback as a non-in�uenceable oracle (Bai et al., 2022; Carroll et al., 2024), which make
them unsuited for the job.
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(1) (2) (3) (4) (5) (6)
Variable Lin. All Lin. Non-Tmpl Lin. Value Depth Value Entropy Value Jaccard Value

(Unscaled) (Unscaled) (Unscaled)

Coef�cients

const 670.476 -391.123 -1859.673��� 20.806��� 5.261��� 5.084���

(p = 0 :906) (p = 0 :928) (p < 0:001) (p < 0:001) (p < 0:001) (p < 0:001)

num kinks before -176.570 -177.714 -106.081 -0.001 -0.106� -0.101�

(p = 0 :495) (p = 0 :353) (p = 0 :070) (p = 0 :983) (p = 0 :035) (p = 0 :030)

nsamples 0.190 0.066 -0.024 0.000�� 0.000��� 0.000��

(p = 0 :437) (p = 0 :459) (p = 0 :584) (p = 0 :003) (p < 0:001) (p = 0 :005)

time -6.633 -7.672 -1.804 -0.002 -0.008��� -0.006���

(p = 0 :202) (p = 0 :144) (p = 0 :281) (p = 0 :065) (p < 0:001) (p < 0:001)

user�rst entry 3.406 3.187 0.728 0.002 0.003 0.001
(p = 0 :550) (p = 0 :358) (p = 0 :671) (p = 0 :072) (p = 0 :134) (p = 0 :731)

engagementprogress -0.092 0.059 0.001 -0.000 0.000 0.000
(p = 0 :752) (p = 0 :623) (p = 0 :984) (p = 0 :404) (p = 0 :267) (p = 0 :476)

temporalextension 11.219 3.650 4.412 -0.001 -0.018��� -0.009
(p = 0 :323) (p = 0 :610) (p = 0 :323) (p = 0 :654) (p < 0:001) (p = 0 :058)

usergpt35 ratio -1619.253 -202.877 -329.406�� 0.050 -0.303� -0.486���

(p = 0 :515) (p = 0 :392) (p = 0 :022) (p = 0 :530) (p = 0 :040) (p = 0 :001)

meanturns 46.235 29.407 63.585�� -0.044�� -0.031 0.015
(p = 0 :463) (p = 0 :466) (p = 0 :034) (p = 0 :003) (p = 0 :264) (p = 0 :578)

meanconversationlength 0.069 0.032 -0.045 0.000��� 0.000�� 0.000
(p = 0 :385) (p = 0 :429) (p = 0 :082) (p < 0:001) (p = 0 :013) (p = 0 :090)

meanprompt length -0.027 -0.019 -0.003 -0.000��� -0.000� -0.000
(p = 0 :832) (p = 0 :728) (p = 0 :936) (p < 0:001) (p = 0 :041) (p = 0 :126)

postgap -51.407 -17.078 0.154�� 0.128� 0.070
(p = 0 :815) (p = 0 :809) (p = 0 :003) (p = 0 :034) (p = 0 :212)

languageChinese -1087.495 -867.631 0.346 -1.048 -1.193
(p = 0 :831) (p = 0 :838) (p = 0 :732) (p = 0 :274) (p = 0 :188)

languageDutch -209.954 124.679 1828.628��� 1.226 -0.403 -0.462
(p = 0 :967) (p = 0 :977) (p < 0:001) (p = 0 :244) (p = 0 :715) (p = 0 :664)

languageEnglish -238.263 -53.230 1712.809��� 0.742 -0.441 -0.637
(p = 0 :963) (p = 0 :990) (p < 0:001) (p = 0 :463) (p = 0 :645) (p = 0 :481)

languageFrench -708.460 -199.764 1478.910��� 0.732 -0.906 -0.904
(p = 0 :890) (p = 0 :963) (p < 0:001) (p = 0 :472) (p = 0 :357) (p = 0 :333)

languageGerman -73.373 125.137 2262.289�� 1.020 -0.840 -1.118
(p = 0 :989) (p = 0 :977) (p = 0 :021) (p = 0 :327) (p = 0 :443) (p = 0 :285)

languageIndonesian 430.232 1684.034��� 1.005 -1.068 -0.879
(p = 0 :921) (p = 0 :001) (p = 0 :344) (p = 0 :338) (p = 0 :411)

languageItalian 67.561 220.081 2178.085��� 1.140 0.452 0.279
(p = 0 :990) (p = 0 :961) (p = 0 :001) (p = 0 :293) (p = 0 :699) (p = 0 :803)

languageJapanese -396.516 -265.645 772.865 0.655 -1.145 -1.126
(p = 0 :938) (p = 0 :951) (p = 0 :103) (p = 0 :533) (p = 0 :300) (p = 0 :290)

languagePortuguese 226.901 256.649 2020.447��� 0.766 -0.782 -0.714
(p = 0 :965) (p = 0 :952) (p < 0:001) (p = 0 :453) (p = 0 :433) (p = 0 :451)

languageRussian -1288.772 -942.366 1217.315��� 0.306 -0.972 -0.918
(p = 0 :800) (p = 0 :824) (p < 0:001) (p = 0 :763) (p = 0 :313) (p = 0 :314)

languageSpanish 68.414 53.543 1620.475��� 0.724 -0.506 -0.646
(p = 0 :989) (p = 0 :990) (p < 0:001) (p = 0 :477) (p = 0 :608) (p = 0 :489)

languageTurkish -10969.106
(p = 0 :078)

Model Summary

No. Observations 4571 7261 3556 7261 4081 3979
No. Groups 197 272 181 272 227 227
Log-Likelihood -45350.28 -70814.14 -29123.54 -10284.17 -5010.56 -4536.16
Scale 2.54e+07 1.77e+07 7.46e+05 0.945 0.597 0.495
Group Var 2.55e+05 2.08e+05 1.85e+05 0.071 0.298 0.304
Converged Yes Yes Yes Yes Yes Yes

Note: Signi�cance levels:� p< 0.05,�� p< 0.01,��� p< 0.001.

Table 2.Mixed linear model regression results for different diversity metrics. Models: (1) Lineage Diversity (all, unscaled), (2) Lineage
Diversity (non-templated, unscaled), (3) Lineage Diversity (value-laden, unscaled), (4) Depth Diversity (value-laden), (5) Topic Entropy
(value-laden), (6) Jaccard Distance (value-laden). P-values in parentheses.
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Figure 6.Observed conceptual diversity trends in user messages.(a) On the subset of value-laden concepts, interactions with GPT-4
show a downward trend (p < : 05), while those with GPT-3.5-turbo show an upward trend (p < : 05). (b) On all concepts collectively,
interactions with both models show downward trends (p < : 05). See Figure 7 for more setups. This comparison highlights the ambiguity
on the resolution of Hypothesis 1.

B. Supplementary Results of WildChat Data Analysis

In this appendix, we explain details on the implementation and results of the data analysis on WildChat.

Some �gures in this appendix, as well as Figure 5 in the main body, are made with CausalPy (Vincent et al., 2024).

B.1. Results Without Data Filtering

Figure 7(1) presents results of hypothesis testing on the complete dataset without �ltering suspected API use. After including
such data, support for both Hypothesis 1 and Hypothesis 2 are strengthened.

B.2. Exploratory Hypotheses

Exploratory Hypothesis 3 (Individual Diversity Loss Occurs in Human-AI Interaction). Among heavy users of GPT,
those who use it more (compared to those who used it less) experience a stronger diversity loss in the concepts occurring in
their conversations with GPT, after adjusting for confounders. Moreover, on the temporal dimension, the accumulation of
GPT interaction causally explains each heavy user's diversity loss over time.3

Exploratory Hypothesis 4 (Iterative Training Leads to Individual Diversity Loss). Among heavy users of GPT, those
who engage with later versions of GPT experience a larger diversity loss, after adjusting for confounders.4

It can be noted that Hypothesis 3 and 4 adoptindividual usersas the unit of analysis, while Hypothesis 1 and 2 adopttime
periodsas the unit and aggregate all users into a collective corpus.

B.3. Methods

In this section, we explain details on our method for analysis.

Concept Hierarchy To assist in the assessment of concept diversity, we build aconcept hierarchy(Sanderson & Croft,
1999) with the following steps:

1. Extracting concepts (e.g., computer, environmental protection, world cup) mentioned or implied in each conversation,
with the Llama-3.1-8B-Instruct model (Dubey et al., 2024).

3The reason for focusing on heavy users is that self-selection bias is strong among light users, where people who �nd GPT less useful
spontaneously engage less with it, confounding the data with a reversed direction of causality.

4Hypothesis 4 shows that the “human! LLM” direction of in�uence also has an impact on diversity loss.
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Figure 7.Sensitivity analysis to the choice of diversity metric.(1a)(1b)(1c)(1d)Analysis in Figure 6(a) and Figure 5, replicated on the
entire WildChat corpus without �ltering.(2a)(2b)(2c)(2d)Analysis replicated on post-�ltering WildChat, where templated messages
sharing 75-character pre�xes with more than 75 other messages are removed. Non-value-laden messages remain.(3a)(3b)(3c)(3d)
Analysis replicated on the diversity metricDdepth. (4a)(4b)(4c)(4d)Analysis replicated on topic entropy as a diversity metric, where topics
are de�ned as maximal clusters in the concept hierarchy containing no more than1% of all concepts.(5a)(5b)(5c)(5d)Analysis replicated
on average pairwise Jaccard distance between conversations as a diversity metric, where each conversation is represented with the set of
topics it contain.
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2. Perform lemmatization on the concepts with the WordNet Lemmatizer (Miller, 1995; Bird, 2006).

3. ObtainD = 256-dimensional embeddings for each concept using the voyage-3-large model.

4. Perform hierarchical clusterization with the HDBSCAN algorithm (McInnes et al., 2017).

This would produce a tree with speci�c concepts at the bottom, and generic concept clusters at the top. The root node is an
all-encompassing cluster that captures all concepts.

Given the size of the hierarchy, please refer to our codebase to view its content. The README instructions shall contain
guidance on where to �nd the hierarachy illustration.

Diversity Metric Both hypotheses require the measurement of concept diversity within a certain user or a corpus. Common
metrics for measure diversity — such as Shannon entropy — cannot take into account the hierarchical structure of concepts,
and may therefore view semantically similar concepts as entirely different ones. To overcome this shortcoming, we introduce
thelineage diversitymetric, which, for each multi-setCof concepts, calculates

Dlineage(C; T ) =
1

log jT j

 

log jT j � log Eu;v � Unif( C)

"
jT j�

�Tl (u;v )

�
�

#!

(9)

wherel(u; v) is the lowest common ancestor (LCA) of concept nodesu andv, jT � j is its subtree size (its number of
descendant concepts), andjT j is the size of the tree.

Computation of Lineage Diversity Finally, the calculation ofDlineage(C; T ) can be dramatically accelerated by performing
dynamic programming on the compressed Steiner tree containing the nodesC, resulting in the time complexity�( jCjlog jT j)
(jCj � jT j ), as opposed to�( jCj2 log jT j) or �( jT j) of alternative algorithms. It is also much faster than traditional distance-
based metrics that typically require�( jCj2D) time to compute (Kaminskas & Bridge, 2016) — an unaffordable complexity
at our scale of analysis.

Multiple Regression and Heteroscedasticity When testing Hypotheses 1, 3 and 4, as is the standard practice in
causal inference on real-world observational data (Imbens & Rubin, 2015), we adopt multiple linear regression with
heteroscedasticity-robust standard errors (Rosopa et al., 2013). We carry out the Breusch–Pagan test (Breusch & Pagan,
1979) for heteroscedasticity, and upon positive result, use the HC3 and the Driscoll & Kraay standard error (Cribari-Neto
& da Silva, 2011; Driscoll & Kraay, 1998), given the heavy-tailed nature of user interaction statistics and therefore the
potential for high leverage.

We control for the demographics variables recorded in WildChat-1M, namely user language and geographic location, and
other interaction characteristics such as date of �rst GPT use, average conversation length, and GPT-3.5-turbo vs GPT-4
usage rate.

Regression Kink Design Hypothesis 2 revolves around a non-smooth change in diversity at the dates of GPT version
switch, meaning that the �rst-order derivative of the diversity curve is discontinuous at those points. Since confounders
almost always change smoothly, any discontinuous change detected will be indicative of causal relationships, even without
adjusting for confounders. We thus adopt the regression kink design (RKD) (Card et al., 2017; Ando, 2017) where two
polynomial regressions are performed at the left and right limit of the switching date, and statistical tests are deployed to
detect coef�cient differences between the two polynomials.

B.4. Exploratory Analysis on User Engagement

We carry out regression analysis and visualizations on Exploratory Hypothesis 3 and 4, whose results are shown in Figure
8. It is found that diversity tend to decrease with engagement for high-engagement users, while the trend is opposite for
low-engagement users.

Self-selection bias is a likely confounder here. Users who �nd GPT's responses less diverse and less helpful tend to stop
engaging with it (or engage less), thereby reversing the direction of causality. We believe it is a likely explanation for the
reversed trends among low-engagement users (since voluntary drop-out is especially common among low-engagement
users), along with the factor that new users tend to discover more use cases of GPT over time.
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