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ABSTRACT 

Large language models (LLMs) have produced documented behavioral changes across information tasks, raising 

the question of whether they have also changed how users formulate requests to the legacy search bar. This study 

documents a durable structural shift in the syntactic register of web search queries following LLM diffusion, a shift 

termed “the promptification of the search bar” and characterized through panel co-movement and temporal 

precedence at population scale. Using 196,500 weekly US search-frequency observations from Google Trends 

across 25 semantic categories and 30 intent markers (2021 to 2025), this study classifies intent query markers into 

three classes of increasing conversational delegation and estimates their differential response to LLM diffusion. 

Conversational delegation rose by 58.7% after a structural break in June 2023, moving from no relation with LLM 

diffusion to tight co-movement, with temporal precedence running from diffusion to query syntax and not the 

reverse. An epoch decomposition shows the shift was established roughly eleven months before the platform 

deployed its own generative layer within the legacy tool, and the elasticity to LLM diffusion declined rather than 

increased after deployment, the opposite of what a platform-driven account predicts. The shift is strongest in 

domains serving cognitively complex needs, deepens over time as longer, more elaborate conversational forms 

standardize, and replicates worldwide. These findings are consistent with a spillover from LLM use into the legacy 

search bar: freed by exposure to conversational machines, users are returning to the natural register that keyword 

era had compressed, and the legacy interface is adapting to a behavior it did not create. 

Keywords: Promptification, Generative AI, Large language models, Web search behavior, Google Trends, Google 

AI Overviews 

INTRODUCTION 

Large language models are changing how people seek, process, and produce information. Experimental evidence 

establishes that LLM use substantially improves productivity and substitutes for worker effort in professional 

writing, programming, and consulting tasks (Noy and Zhang 2023; Brynjolfsson et al. 2025), while significantly 

reducing task completion time in general information retrieval compared to traditional search engines (Xu et al. 

2023). Studies on technology platforms indicate that LLM adoption reduces human contribution to public 

knowledge repositories; specifically, posting activity on Stack Overflow decreased by 25% within six months of 

ChatGPT's release (del Rio-Chanona et al. 2024). Longitudinal survey evidence documents widening demographic 

and socioeconomic divides in LLM usage over time (Angrisani et al. 2026; Bick et al. 2026). Experimental 



comparisons of LLM-based and search-based learning demonstrate that the greater ease afforded by LLM synthesis 

reduces the depth of knowledge users develop and the originality of what they subsequently produce (Melumad and 

Yun 2025). Across these findings, a common behavioral mechanism emerges: LLMs alter how individuals 

externalize cognitive effort, increasing the delegation of mental work to machine interfaces (Risko and Gilbert 2016; 

Candrian and Scherer 2022; Skulmowski 2023; de Souza et al. 2024). 

From the earliest days of web search, the interaction between user and engine imposed a behavioral adaptation on 

the human side. Although users initiate searches from what Belkin termed an "anomalous state of knowledge" 

(Belkin 1980; Belkin et al. 1982), representing a need inherently difficult to specify in advance. Consequently, they 

learn to accommodate index-based retrieval systems by omitting their diverse underlying intentions—whether 

informational, navigational, or transactional (Broder 2002; Rose and Levinson 2004; Marchionini 2006; Jansen et 

al. 2008). Instead, they formulate search-engine-friendly forms reduced to fragmented phrases. Empirical analyses 

of query logs systematically document this linguistic behavior: users exclude function words and rely heavily on 

nouns, producing queries that average fewer than three words (Barr et al. 2008). This brevity persists even for 

complex exploratory tasks(Jansen et al. 2008). 

Even when an informational need is inherently interrogative, users formulate approximately 70% of these intents as 

compressed keyword queries because result relevance is historically indistinguishable across formats (Q. Liu et al. 

2012; White et al. 2015), despite query formulation representing the most cognitively demanding stage of the search 

process (Gwizdka 2010; McGregor et al. 2023). This ingrained habituation manifests as a form of  functional 

fixedness, which leaves non-experts struggling with prompt design in generative AI interactions (Zamfirescu-Pereira 

et al. 2023; J. Liu et al. 2025). Yet, keyword syntax is merely an acquired constraint rather than a cognitive default; 

developmental literature confirms that novice child searchers naturally use question-like conversational queries 

before adopting keyword compression (Kammerer and Bohnacker 2012; Bilal and Gwizdka 2018). 

The history of search interface design reflects repeated attempts to recover natural language from this keyword 

compression. While the integration of voice search, semantic parsing, and knowledge graphs enabled systems to 

process question-formulated queries (Pang and Kumar 2011; Bondarenko et al. 2020; Aghaei et al. 2022), 

population-level keyword abbreviation persisted as the dominant behavioral norm (Barr et al. 2008; Athukorala et 

al. 2016; Aghaei et al. 2022). Because keyword search was deeply ingrained, users did not spontaneously abandon 

keyword syntax, demonstrating that natural language expression requires explicit conversational affordances 

(Papenmeier et al. 2021).  

The public release of ChatGPT in November 2022 marked the first mass-market deployment of a Large Language 

Model (LLM) (Chatterji et al. 2025), introducing a widely accessible conversational interface that explicitly 

rewarded natural language input at population scale (Zamfirescu-Pereira et al. 2023; OpenAI et al. 2024; Zubair et 

al. 2025). By normalizing this register, LLMs established a new human-machine communication convention 

characterized by complex, contextual delegation (Hohenstein et al. 2023; Mannuru et al. 2024; Ye et al. 2024; Mo 

et al. 2025; Zhu et al. 2025; Siddiqui et al. 2026). 

Despite these affordances, this cognitive delegation introduces significant informational risks. Because generative 

architectures synthesize outputs rather than retrieving verifiable documents, they expose users to hallucinations and 

obscure information provenance, limitations that persist even in Retrieval-Augmented Generation (RAG) systems 

(Lewis et al. 2020; Shah and Bender 2022; Memon and West 2024; Ravichander et al. 2025). Consequently, while 

LLM adoption has measurably reduced traditional search activity (Padilla et al. 2025), a functional dichotomy has 

emerged in user behavior: individuals increasingly rely on LLMs for complex, analytical, and learning-oriented 

tasks (Caramancion 2024; Chatterji et al. 2025; Zubair et al. 2025), while legacy search engines, which still process 

billions of queries daily (Lolić et al. 2024; Ma et al. 2025), continue to be preferred for quick fact-finding, source 

verification, and navigational certainty (Hersh 2024; Kaiser et al. 2025). 

Given this large and persistent reliance on legacy systems, it remains unknown whether the conversational behaviors 

normalized by LLMs are now generalizing to traditional search interfaces. We term this potential shift the 

promptification of the search bar: the progressive, population-scale emergence of conversational register forms in a 

context previously governed by keyword constraints. 

While recent evidence demonstrates that LLMs displace specific information-seeking tasks (Memon and West 2024; 

del Rio-Chanona et al. 2024; Melumad and Yun 2025), testing whether they have structurally altered how users 

formulate requests to the search engine that remains is not straightforward. It requires population-scale behavioral 



data with sufficient temporal resolution to detect structural breaks, a pre-treatment period long enough to establish 

credible reference distributions, and a panel-econometric strategy that distinguishes user-driven behavioral change 

from platform-driven interface change. Because no randomized or quasi-experimental counterfactual is available at 

population scale for an interface as ubiquitous as Google Search, our identification rests on observational panel-

econometric tools (two-way fixed-effects, cointegration, and error-correction tests of temporal precedence) rather 

than on a strict counterfactual causal design. 

To characterize this phenomenon, we pose three empirical questions: (i) Has the syntactic composition of legacy 

web search structurally shifted toward conversational delegation following mass LLM adoption? (ii) Does this 

behavioral shift exhibit predictive temporal precedence and long-run co-movement with generative AI diffusion? 

(iii) Is the magnitude of this shift uniform across domains, or is it ordered by the cognitive complexity of the 

underlying informational need? We address these questions using Google Trends as a population-scale behavioral 

corpus, extracting a weekly panel of 196,500 observations (2021–2025) spanning 30 intent markers across 25 

semantic categories (comprising 24 substantive domains and an 'All Categories' aggregate), and tracking the 

progressive nesting cascade of high-imbrication conversational expressions. 

We report four main findings. First, the syntactic composition of legacy web search shifted substantially toward 

conversational delegation following a June 2023 structural break: Conversational Delegation frequency rose by 

58.7%, and a nesting cascade of high-imbrication conversational forms, absent from the pre-LLM baseline, emerged 

progressively thereafter. Second, and central to our identification, this behavioral shift preceded the platform's own 

deployment of generative search by approximately eleven months. Decomposing the timeline into three epochs, 

separated by the June 2023 LLM-adoption break and the May 2024 rollout of Google AI Overviews, we find that 

the conversational shift was already established during the intermediate window, when a conversational interface 

existed only outside Google and not yet within the search bar; when Google subsequently deployed its own 

generative interface, it added no detectable change to the response regime already in place. Third, because LLM 

adoption and conversational query frequency are I(1) and cointegrated (Phillips–Ouliaris), we test precedence within 

an error-correction model: LLM adoption is weakly exogenous and conversational query frequency adjusts to it, 

yielding one-directional short- and long-run precedence from diffusion to syntax. Fourth, domain-level shift 

magnitudes cluster into distinct profiles ordered by the cognitive complexity of the underlying task rather than by 

search volume. 

Data and Methods introduce our corpus and statistical framework. Results presents the findings. Discussion 

examines implications for information-seeking behavior, web visibility, and the epistemics of human-machine 

communication. 

DATA AND METHODS 

Search Frequency Index Corpus 

To measure the syntactic composition of US web search behavior, we extracted weekly Search Frequency Index 

(SFI) trajectories for 30 English-language intent markers from Google Trends for the United States from January 

2021 through December 2025 (262 weeks). To test the generalizability of our findings, we conducted an independent 

replication on the Google Trends Worldwide corpus using the exact same markers, semantic categories, and LLM 

proxy (SI Appendix I). Because Google Trends normalizes search volume relative to the peak within the requested 

spatio-temporal window, this extraction yields a relative frequency measure that is strictly comparable across terms 

within the same sampling frame (Google 2026; Springer et al. 2026). 

Our operationalization departs from the conventional use of search data. Rather than deploying search frequencies 

as indirect proxies to nowcast external epidemiological, economic, or sociological phenomena (Ginsberg et al. 2009; 

Choi and Varian 2012; Lolić et al. 2024), we treat the query syntax as the direct behavioral signal. This design 

isolates our dependent variables (the syntactic intent markers) from standard proxy measurement criticisms. 

For our independent variable, we use the ChatGPT topic index as a real-time proxy for population-level LLM 

adoption. Extracting the predefined "topic" rather than a raw "search term" captures the unified semantic concept 

while filtering out vocabulary fragmentation and sampling noise (Djorno et al. 2026). This choice leverages 

established technology forecasting principles, which demonstrate that search traffic for a dominant product brand 

provides a highly accurate proxy for the diffusion curve of a new technology (Jun et al. 2014). Because both the 



independent and dependent variables are drawn from the same sampling frame, their temporal alignment is exact by 

construction, and the cross-platform measurement friction that typically constrains conventional observational 

designs does not arise. 

To construct this temporally aligned dataset, all 30 intent markers were extracted independently on the exact same 

day. This protocol neutralizes the risk of unannounced platform updates and the day-to-day sampling variability 

caused by Google Trends' 24-hour cache resets (Djorno et al. 2026). This extraction yields a panel of 196,500 

marker-category-week observations; aggregated to class-level weekly series and restricted to the 24 substantive 

domains (excluding the All-Categories aggregate), the primary two-way fixed-effects (TWFE) specification is 

estimated on 18,864 class-domain-week observations. To ensure robustness to syntactic operationalization, we 

evaluate three extraction specifications. Each label combines a match type with a marker set. The match type is 

either EXACT (exact-match: the marker queried in quotation marks, so that Google Trends enforces strict sequential 

word order) or BROAD (broad-match: the unquoted marker, relaxing word order so that the component words may 

appear in any order and interspersed with others). The marker set is either 10kw (all ten keyword markers, designated 

as "kw", per class) or Top5 (the five highest-frequency markers per class). This yields EXACT 10kw (the primary 

and most conservative baseline), EXACT Top5 (high-volume restricted), and BROAD 10kw (semantic upper 

bound). All main-text results rely on the EXACT 10kw baseline. 

Because our identification relies on detecting longitudinal structural breaks, distinguishing behavioral shifts from 

platform-level measurement artifacts is critical. A January 2022 Google Trends data-collection update introduced a 

well-documented discontinuity in SFI series (K. Liu 2024; Lolić et al. 2024; Djorno et al. 2026; Springer et al. 
2026). In our Bai-Perron (Bai and Perron 2003) estimation, this artifact precisely coincides with the first detected 

break in higher-order intent classes. Consequently, we isolate this event as a measurement artifact and anchor all 

behavioral interpretations to the June 2023 break, the first structural shift consistent with LLM adoption dynamics. 

Finally, we account for two inherent measurement constraints explicitly documented by the platform: (i) sampling 

variability producing apparent zero values for low-frequency queries, mitigated by our robust Bai-Perron break 

structure and the P2 null result in our nesting analysis; and (ii) the platform's explicit filtering of internal queries 

generated within Google's own conversational products, such as Gemini, AI Mode, and AI Overviews (including 

modern voice inputs directed at these AI interfaces) (Reid 2025). By isolating our analysis to the legacy search bar, 

we ensure that our findings reflect directional and structural shifts in user query formulation rather than absolute 

volume changes or platform-redirected interactions. 

Intent Classification 

We operationalize the promptification phenomenon through a five-register syntactic scale (Fig. 1) that classifies 

query markers by their structural complexity and relational orientation toward the search engine. This scale rests on 

the established distinction in computational linguistics between content units (the core topical elements) and intent 

units (the relational structures articulating how the user wants the system to engage with the content) (Saha Roy et 

al. 2015). 

Because legacy index-based systems historically forced users to compress naturally rich informational needs into 

bare content units, our scale measures the progressive re-introduction of the intent units that keyword compression 

had suppressed. The scale captures a continuous syntactic expansion, moving from L1 Telegraphic (single noun, no 

intent structure) through L5 Agentive Delegation (modal + pronoun + verb, full conversational structure). 

To preclude arbitrary selection, we constructed a balanced panel of 30 intent markers (10 per class) strictly anchored 

to established information-seeking taxonomies (see SI Appendix C.1, Supplementary Table 2), for the complete 

inventory detailing their register, structural form, and behavioral extraction basis). As illustrated in Fig. 1, these 

markers operationalize three distinct behavioral regimes: 

• Class I (Factual Retrieval; L1): Establishes the legacy keyword baseline. Structurally composed of 

isolated nouns or noun-phrases, this class captures the historical norm of treating the machine merely as a 

document index. The marker extraction is strictly derived from foundational web taxonomies: evaluative 

and ranked retrieval modifiers (e.g., top, best, cheap) are anchored in Broder (Broder 2002); transactional 

and fact-checking intents (e.g., buy, hours, review) follow Rose and Levinson (Rose and Levinson 2004); 

and relational-free navigational queries (e.g., near me, location) operationalize the framework of Jansen et 

al. (Jansen et al. 2008). 



• Class II (Directed Informational; L2): Captures the intermediate transition to natural language. It expands 

into structured interrogatives (Wh- + noun/verb) and comparative operators that specify a response type, 

treating the engine as an information database rather than a conversational agent. Marker selection is driven 

by process and temporal query frameworks (e.g., how to, when is) from Pang and Kumar (Pang and Kumar 

2011); comparative operators (e.g., difference between, vs) from Bondarenko et al. (Bondarenko et al. 2020); 

and complex factual exploration (e.g., what is, meaning of) from White et al. and Marchionini (Marchionini 

2006; White et al. 2015). 

• Class III (Conversational Delegation; L3–L5): Operationalizes the target promptification behavior. This 

class groups three advanced registers: cognitive operations acting on information (L3: e.g., explain, 

summarize), personal intent signaling (L4: personal pronoun + verb, e.g., help me with), and full agent 

interlocution (L5: modal + pronoun + verb, e.g., can you). In this regime, the user addresses the system as 

a responsive agent. The theoretical foundation for this cognitive offloading and agentic role-assignment 

stems from pre-LLM frameworks of conversational search by Radlinski and Craswell (Radlinski and 

Craswell 2017) and Risko and Gilbert (Risko and Gilbert 2016). To ensure empirical validity, the syntactic 

markers populating these registers (e.g., act as, write for me, generate a) are drawn from recent empirical 

studies of LLM-prompt formulation by Liu et al. (J. Liu et al. 2025) and Zamfirescu-Pereira et al. 

(Zamfirescu-Pereira et al. 2023). 

 

Fig. 1. Conceptual framework: five-register syntactic scale (L1–L5) mapped onto three intent classes, the three-epoch 

identification design (P1–P3: behavioral precedence and ceiling falsification), and the nesting cascade (six imbrication levels 

N1–N5; five intention-verb families plus the verb-free "can you" family). 

Break-date anchoring 

Endogenous structural break detection via the Bai-Perron algorithm identifies the primary inflection point for the 

LLM adoption proxy at June 11, 2023 (SI Appendix E.6, Supplementary Table 13). Exactly one week later (June 

18, 2023), the broad "ChatGPT" semantic topic series crossed over the exact search term series in relative frequency, 

marking the population's cognitive maturation from querying a novel product string to engaging with a consolidated 



generative AI concept (SI Appendix B). To capture this fully secure adoption baseline and to ensure a strictly 

symmetric 262-week observation window for our primary panel estimates, we formalize the treatment anchor at the 

week of June 25, 2023. This aligns the dataset into exactly 131 pre-treatment weeks and 131 post-treatment weeks. 

Substantively, this June 25 baseline closely aligns with the macroscopic plateau of global generative AI diffusion 

following its initial rapid growth, as documented by the World Bank (Y. Liu et al. 2025; Y. Liu and Wang 2026). 

Sensitivity analyses confirm that panel elasticity estimates are highly robust to anchor displacements; shifting the 

anchor backward to the exact Bai-Perron date, or extending the displacement up to ±8 weeks, yields highly stable 

coefficients; anchoring as far back as the week of the ChatGPT public release (December 1, 2022) leaves the 

estimates directionally stable and, if anything, slightly larger (SI Appendix E.7, Supplementary Table 14). 

Consequently, June 2023 serves as our exogenous treatment anchor, distinctly preceding the user-led behavioral 

break in Conversational Delegation endogenously detected in January 2024. 

The Two-Period Panel Specification 

We estimate the differential behavioral response of each intent class to LLM adoption using a two-way fixed-effects 

(TWFE) panel specification, complemented by an interrupted time-series (ITS) analysis at the macro level. All 

marker search frequency index (SFI) series are z-standardized relative to the pre-break parameters (μ_pre, σ_pre) 

of their own intent class, so that each coefficient measures deviation from that class's historical behavioral norm. 

Our primary specification uses a global adoption proxy, Z_LLM,t, defined as the standardized "ChatGPT (Topic)" 

series, which is common to all domains and varying only over time. Stacking the three class-specific standardized 

series, with Z_Intent,i,c,t the frequency of intent class i ∈ {I, II, III} in category c at week t, we estimate 

Z_Intent,i,c,t = α_c + γ_t + β₂ (Z_LLM,t × 1[i=II]) + β₃ (Z_LLM,t × 1[i=III]) + ε_i,c,t , 
where α_c are category fixed effects absorbing time-invariant domain differences in baseline query composition, 

and γ_t are week fixed effects absorbing temporal shocks common across domains. Because Z_LLM,t varies only 

over time, it is collinear with the week effects γ_t and is absorbed by them; β₂ and β₃ are therefore identified as the 
responsiveness of Classes II and III to LLM adoption relative to the Class I keyword baseline (the omitted reference). 

Standard errors are Driscoll–Kraay (Driscoll and Kraay 1998), robust to heteroskedasticity, serial correlation, and 

cross-sectional dependence, with bandwidth h = 4 weeks. 

This first specification yields a contrast and, by its structure, cannot itself establish whether the Class I baseline 

responds to adoption: with a purely time-varying proxy, any baseline co-movement is folded into γ_t. To test rather 

than assume the behavior of the keyword baseline, we re-estimate the model with a category-internal proxy, 

Z_LLM,c,t, utilizing the "ChatGPT (Topic)" series extracted and standardized within each category (Z_LLM_intra 

in SI Appendix D). Because this proxy varies across domains within each week, it is no longer collinear with γ_t, 

and an absolute LLM elasticity is identified for every class, Class I included: 

Z_Intent,i,c,t = α_c + γ_t + β_I (Z_LLM,c,t × 1[i=I]) + β_II (Z_LLM,c,t × 1[i=II]) + β_III (Z_LLM,c,t × 1[i=III]) 

+ ε_i,c,t . 

Here the Class I elasticity, though the smallest, is itself positive and significant (β_I = 0.72, P < 0.001): the keyword 

baseline is not inert. The three absolute elasticities form a strict monotone gradient (β_I = 0.72, β_II = 1.23, β_III = 

2.05; all P < 0.001), with the conversational register responding roughly three times as strongly to LLM adoption as 

the keyword baseline. The implied differential of Class III over Class I (β_III − β_I = 1.338) reproduces the primary 

global-proxy estimate (β₃ = 1.326; equivalently, the intra-proxy differential β₃,intra = 1.34, P = 1.37 × 10⁻¹⁵). The 
headline differentials are therefore not an artifact of the omitted-baseline structure: estimating the baseline rather 

than treating it as a fixed reference leaves both the register gradient and the conversational-delegation differential 

intact. 

To evaluate temporal dynamics, we first test the order of integration of Z_LLM and Class III frequency (augmented 

Dickey–Fuller and Zivot–Andrews (Zivot and Andrews 2002); SI Appendix E.2) and their long-run equilibrium 

relationship using the cointegration framework of Phillips and Ouliaris (Phillips and Ouliaris 1990). Because both 

series are I(1) and cointegrated, the Granger representation theorem requires that predictive precedence be tested 

within an error-correction model rather than on the raw levels. We therefore estimate a two-equation Engle–Granger 

error-correction model (Engle and Granger 1987) (p = 4 lags, HAC Newey–West standard errors (Newey and West 

1987)) in which the lagged disequilibrium (error-correction term) enters both equations: short-run precedence is the 

joint Wald test on the lagged differences of the putative cause, and long-run precedence is the significance of the 



error-correction (adjustment) coefficient, weak exogeneity of the forcing variable being indicated by a non-

significant adjustment coefficient in its own equation. Levels-based Granger tests (Granger 1969) are reported as a 

naive cross-check only (SI Appendix E.4). 

Domain-level heterogeneity in structural shift magnitude is analyzed using a one-dimensional Jenks natural-breaks 

classification (k = 3) applied to domain-level structural break magnitudes λ. Partition validity is assessed by 

silhouette score and confirmed by a one-way ANOVA on domain-level LLM synchronization r_intra. This 

synchronization, defined as the Pearson correlation between domain-level Z_Intent and the category-internal proxy 

Z_LLM,c,t post-break, serves as a convergent behavioral criterion withheld from the initial classification. 

The Three-Epoch Precedence Design 

The central identification question is directional: did the conversational shift in legacy search precede or follow the 

platform's deployment of a generative interface? A randomized experiment, withholding generative AI from part of 

the population, is not feasible for an interface as ubiquitous as Google Search. We therefore exploit a natural 

sequencing of two dated events to separate a user-led account from a platform-led one. The public diffusion of 

ChatGPT, external to Google, anchors a first event in June 2023; Google's own rollout of AI Overviews inside the 

search bar anchors a second, independent, platform-side event in May 2024. These two dates partition the 

observation window into three epochs: a pre-LLM baseline (P1, before June 2023), an intermediate window in which 

a conversational interface existed only outside Google (P2, June 2023 to May 2024), and a post-deployment window 

in which Google itself offered a generative interface (P3, after May 2024). The platform's data-collection protocol 

explicitly filters out internal searches executed by its own products, specifically AI Mode and AI Overviews (Google 

2026). Because subsequent conversational turns within these generative interfaces are excluded, this structural 

filtering guarantees that the continued expansion of Conversational Delegation observed in P3 captures genuine, 

initial human input to the search bar rather than algorithmic artifacts. 

The logic is straightforward. If the platform's interface change drove users toward conversational formulation, the 

behavioral shift should appear in P3, after Google deployed its interface. If instead users imported conversational 

habits acquired from external LLM exposure, the shift should already be present in P2, before any conversational 

affordance existed inside the search bar. We estimate the level shift of each intent class at each transition using two 

boundary-isolated regressions on the standardized class series. The first estimates the jump from the pre-LLM 

baseline to the intermediate window, 

Z_Intent,t = a + λ₁ · D_P2,t + u_t , 
where D_P2,t = 1 for observations in P2, so that λ₁ captures the behavioral shift that occurred before any platform-

side change. The second estimates the jump from the intermediate to the post-deployment window, 

Z_Intent,t = a′ + λ₂ · D_P3,t + u′_t , 
where D_P3,t = 1 for observations in P3, so that λ₂ captures any additional shift coinciding with the platform's 
deployment. A user-led account predicts λ₁ > 0 for conversational delegation, the shift being already present before 
Google acts; a platform-led account predicts that the shift is concentrated in λ₂, appearing only once Google deploys. 
The design would have falsified the promptification hypothesis under either of two observable patterns: if the 

conversational shift had been absent in P2 and appeared only in P3, or if the response regime had changed 

discontinuously at the platform-deployment boundary. The panel falsification specification interacts the LLM-

adoption proxy with the Conversational Delegation indicator and a post-deployment indicator anchored at Google’s 
AI Overviews rollout (May 14, 2024) (Reid 2024), estimated by two-way fixed effects with Driscoll-Kraay standard 

errors over the full observation window under the three-epoch partition (SI Appendix F). The full epoch 

decomposition, including joint multi-intervention and regime-switching specifications and formal Wald tests of 

regime continuity, is reported in SI Appendix F. 

While the primary panel estimates rely on the core weekly dataset (ending December 2025) and use the core EXACT 

10kw specification, the nesting cascade analysis employs an extended observation window (January 2021 to April 

2026) aggregated at the monthly level. This temporal extension and monthly aggregation were specifically designed 

to maximize detection sensitivity for sparse, emergent high-imbrication conversational expressions. The nesting 

cascade tracks exact-match emergence across six imbrication levels (N1–N5, the third split into politeness and modal 

variants) for six root conversational verb families, measuring the lag from the June 2023 LLM adoption break to the 

first population-level detectability of high-imbrication forms. 



Scope of identification. The panel-econometric design adopted here characterizes population-scale temporal 

precedence and panel co-movement between LLM adoption and conversational query frequency. We use the term 

identification in this paper in the panel-econometric sense, denoting the separation of differential responses from 

time-invariant category effects and from common temporal shocks via fixed effects. We do not use it in the strict 

Rubin causal model, instrumental-variable, or difference-in-differences counterfactual sense, which is structurally 

not available for an interface as ubiquitous and non-randomized as Google Search. Error-correction and Granger 

results are tests of predictive temporal precedence and adjustment dynamics, not of structural causation; we report 

them as such throughout. 

Use of Large Language Models 

During the preparation of this manuscript, the authors used Claude (Anthropic, Sonnet 4.6 and Opus 4.8) and Gemini 

(Google, 3.1) in a strictly limited assistive capacity. These tools helped write and debug the R programming code 

required for the econometric analyses. The authors wrote an initial Python/matplotlib script to plot the conceptual 

schematic in Fig. 1, and the tools iteratively enhanced and debugged this code. The authors manually wrote the 

initial Python/Graphviz code for an internal study architecture map visualizing the workflow from data extraction 

to final outputs, and AI assisted in enhancing the visualization parameters. The authors iteratively reviewed, 

debugged, and executed this final code locally. The tools corrected grammatical structures and refined English 

phrasing. For the Supporting Information, the authors manually integrated all data and wrote all text before using 

Claude to optimize the structure and numbering. The authors continuously refined and manually modified all AI 

textual outputs to produce the final version. AI generated no research ideas, data, empirical results, scientific 

analyses, or visual images. The authors extracted all search volume data manually via gtrendsR and produced all 

data visualizations via local code. The authors prepared all references manually using Zotero. The authors executed 

all computational scripts locally and reviewed all AI-assisted code and textual edits. A complete detailed declaration 

of AI usage across the research process, including the specific role of each tool at each stage, is provided in (SI 

Appendix J). 

Authors take full responsibility for the integrity of the content and conclusions of this article. 

 

RESULTS 

Macro-Level Distributional Shift 

Class III (Conversational Delegation) frequency increased by 58.7% following the June 2023 structural break, 

representing a distributional shift structurally distinct from any prior trend in the pre-LLM period (Fig. 2). 

Concurrently, Class I (Factual Retrieval) exhibits a weak leftward compression (Δμ = -3.2%), reflecting a slight 

decrease in the historical mean of the baseline telegraphic markers, in marked contrast to the steep rise of higher-

register forms (SI Appendix E.1, Supplementary Table 4). This asymmetric pattern, characterized by Class III 

expanding sharply, Class I compressing modestly, and Class II (Directed Informational) shifting intermediately (Δμ 

= +15.3%), is directly visible in the macro ITS and constitutes the population-level behavioral signature of the 

promptification phenomenon. 



 

Fig. 2. Macro interrupted time-series: weekly SFI for three intent classes (EXACT 10kw, All Categories, US, 

January 2021–December 2025). Vertical dashed line: June 25, 2023 LLM adoption break anchor. January 2022 GT 

artifact break annotated. Shaded bands: 95% CIs on pre- and post-break means. 

The Kolmogorov-Smirnov statistic for Class III reaches D = 0.657 (D⁺, rightward shift), confirming that the post-
break distribution cannot be characterized as a rescaled version of the pre-break distribution (Fig. 3). Distributional 

volatility expanded by 160.5%, reflecting a population that is not uniformly shifting but differentially adopting 

higher-register forms across domains. Pre-break co-movement between Class III frequency and the LLM adoption 

proxy was negligible (r_pre = -0.04), a mathematical reflection of the proxy's near-zero variance prior to mass 

adoption, confirming that historical Class III fluctuations were entirely independent of AI trends. Post-break 

correlation rises to r_post = 0.951, documenting tight co-movement between conversational syntax adoption and 

generative AI diffusion. Class II (Directed Informational) exhibits a consistent but more moderate shift (Δμ = 

+15.3%, D = 0.477, D⁺). Class I (Factual Retrieval) shows a weak leftward compression (Δμ = -3.2%, D = 0.414, 

D⁻) (SI Appendix E.1, Supplementary Table 4). 

 

 



 

Fig. 3. Distributional dashboard: density plots (pre/post), empirical CDF, Δμ, Δσ, KS-D directional decomposition 

(D, D⁺, D⁻) for all three intent classes. All Categories, EXACT 10kw, US weekly 2021–2025. 

Behavioral precedence: users led, the platform followed 

The decomposition into three epochs isolates when the conversational shift occurred relative to the platform's own 

deployment of generative search (Methods; SI Appendix F). For Conversational Delegation, the shift is concentrated 

in the intermediate window, before Google deployed AI Overviews. The level jump from the pre-LLM baseline to 

the intermediate window is large and highly significant (λ₁ = 1.276, SE = 0.165, P = 7.4 × 10⁻¹³), establishing that 

the behavioral change was already in place while a conversational interface existed only outside Google. The 

subsequent jump across the platform-deployment boundary is also positive (λ₂ = 3.312, P = 7.2 × 10⁻¹⁵), but it 
represents the continued amplification of a shift already underway rather than its origin: the level of conversational 

delegation kept rising over time, while its responsiveness to further LLM adoption did not increase across the 

boundary. Estimated separately within each window, that responsiveness is statistically indistinguishable before and 

after deployment (3.58 in the intermediate window versus 2.91 afterward; difference not significant, P = 0.27), 

indicating that AI Overviews added no detectable change to the response regime already established (SI Appendix 

F). 

The panel ceiling coefficient sharpens this falsification. In a two-way fixed-effects triple interaction, the marginal 

response of conversational delegation to LLM adoption after the deployment is significantly negative rather than 

positive (βAIO = −2.405, SE = 0.354, P = 1.15 × 10⁻¹¹ in the US; βAIO = −5.334, SE = 1.272, P = 2.8× 10⁻⁵ 
worldwide; SI Appendix F, Supplementary Table 18). A platform-led account predicts the opposite sign: an 

interface change that drove the shift should amplify, not depress, the marginal response to adoption. 



The accompanying distributional moments trace the same two-stage process. In the intermediate window the mean 

of conversational delegation rises while its dispersion narrows (σ = 0.87 against the pre-LLM 1.00), the signature 

of a coherent, population-wide adoption of a new register rather than scattered experimentation. In the post-

deployment window the mean rises far higher (to roughly +4.6 standard deviations above baseline) and dispersion 

widens (σ = 2.49), consistent with the broadening and diversification of conversational forms documented in the 

nesting cascade below. A user-led shift that consolidates first and diffuses later is exactly the pattern observed. 

Two contrasts confirm that this is not an artifact of the instrument or a platform effect misread. First, the same 

decomposition applied to Factual Retrieval yields no stable regime: its level falls in the intermediate window and 

returns to its pre-LLM baseline in the post-deployment window (post-deployment level not significantly different 

from baseline, P = 0.71), fluctuating rather than establishing a durable shift. The model therefore detects a clear, 

datable break for Factual Retrieval when one exists, which makes the absence of a deployment-boundary regime 

change for Conversational Delegation a substantive finding rather than a limitation of sensitivity. Second, Directed 

Informational occupies the expected intermediate position, rising at both transitions but with its responsiveness to 

LLM adoption weakening after deployment. The resulting gradient, from Factual Retrieval through Directed 

Informational to Conversational Delegation, orders the three classes monotonically in both magnitude and regime 

stability, with only Conversational Delegation establishing and maintaining a continuous shift that began before the 

platform acted. The pattern is invariant across the EXACT 10kw, EXACT Top5, and BROAD 10kw specifications 

and replicates in the worldwide panel (SI Appendix F). 

Differential Response and Panel Elasticity 

To isolate this behavioral shift from time-invariant domain effects and common temporal shocks, we estimate the 

TWFE panel specification. The differential elasticity of Class III (Conversational Delegation) to LLM adoption is 

positive and highly significant (β₃ = 1.326, P < 0.001). Class II exhibits a smaller but significant differential 
sensitivity (β₂ = 0.490, P = 0.015), confirming a monotonic ordering of register complexity where the most advanced 
syntactic forms demonstrate the highest elasticity to AI diffusion (Fig. 4 and Table 1). The structural break 

magnitude for Class III across all categories reaches λ = 3.409, documenting a large behavioral departure from the 

baseline. One-way ANOVA on domain-level structural break magnitudes confirms significant inter-class 

differentiation (F = 73.09, P < 0.001). Tukey HSD post-hoc tests establish significance for all three pairwise class 

comparisons: Class II vs. Class I (Δλ = 1.357, P < 0.001), Class III vs. Class I (Δλ = 2.492, P < 0.001), and Class 

III vs. Class II (Δλ = 1.135, P < 0.001). This systematic gradient between classes is thus statistically confirmed 

across domains by pairwise comparisons (Fig. 5). 

 

Fig. 4. TWFE differential LLM elasticity β by intent class (with 95% Driscoll-Kraay HAC CI), global and intra-

specification panels side by side. 

 

 

 

 



Table 1. TWFE differential LLM elasticity by intent class and syntactic specification. 

Specification Class β SE P-value 

EXACT 10kw (primary; most conservative) I. Factual Retrieval 0 (baseline) — — 

EXACT 10kw (primary; most conservative) II. Directed Informational 0.490 0.200 0.015 * 

EXACT 10kw (primary; most conservative) III. Conversational Delegation 1.326 0.168 3.22 × 10⁻¹⁵ *** 

EXACT 10kw (primary; most conservative) Convergent intra-spec. β₃ 1.338 — 1.37 × 10⁻¹⁵ *** 

EXACT Top5 (high-volume restricted) II. Directed Informational 0.708 0.147 1.39 × 10⁻⁶ *** 

EXACT Top5 (high-volume restricted) III. Conversational Delegation 1.545 0.135 2.76 × 10⁻³⁰ *** 

BROAD 10kw (semantic upper bound) II. Directed Informational 0.691 0.187 2.19 × 10⁻⁴ *** 

BROAD 10kw (semantic upper bound) III. Conversational Delegation 1.640 0.164 1.41 × 10⁻²³ *** 

Driscoll-Kraay HAC-robust SE (Driscoll and Kraay 1998), bandwidth h = 4 weeks. The monotonic ordering β₁ < β₂ 
< β₃ holds across all three specifications and maps onto the gradient of prior syntactic constraint imposed by keyword 
retrieval. Convergent intra-specification estimate: β₃,intra = 1.338 (P = 1.37 × 10⁻¹⁵). * P < 0.05; *** P < 0.001. 

 

Fig. 5. Tukey HSD. Points = pairwise differences in mean λ between intent classes; Δλ and family-wise-adjusted P-

values annotated; error bars = 95% family-wise CI. All three class pairs significant. 

Temporal Precedence and Co-movement 

Long-run behavioral equilibrium between LLM adoption and Class III query frequency is confirmed by Phillips–
Ouliaris cointegration tests (P = 0.010) (SI Appendix E.3, Supplementary Table 6). Because both series are 

individually I(1) (ADF and Zivot–Andrews; SI Appendix E.2) and cointegrated, predictive precedence is identified 

within an error-correction model rather than on the raw series (Granger representation theorem). The error-

correction term is significant only in the conversational-delegation equation (adjustment coefficient φ = −0.155, 
HAC SE 0.048, P = 0.002; adjustment half-life ≈ 4 weeks) and negligible in the adoption equation (φ = −0.012, P = 
0.33): LLM adoption is weakly exogenous and conversational query frequency adjusts to it, establishing long-run 

precedence from diffusion to syntax. Short-run causality runs in the same single direction (joint Wald, LLM → 
syntax: F = 2.47, P = 0.045; reverse: F = 0.12, P = 0.98); a naive levels Granger test agrees (Direction A: F = 4.34, 

P = 0.002; Direction B: F = 0.51, P = 0.73) but is reported only as a cross-check given the unit roots (SI Appendix 

E.4, Supplementary Table 7). This temporal sequencing establishes that generative AI diffusion acts as the leading 

predictive indicator for the conversational shift in search behavior, a one-directional pattern that also replicates in 

the worldwide panel (SI Appendix I.3). Endogenous structural break detection via the Bai-Perron algorithm 

confirms the primary behavioral inflection point (Break 2) for Class III at January 14, 2024, structurally isolating it 

from the known January 2022 Google Trends data-collection artifact (SI Appendix E.6, Supplementary Table 

13). 

 



Domain-Level Behavioral Profiles 

To determine whether the promptification phenomenon is an isolated artifact of specific topics or a broad-based 

behavioral change, we disaggregate the primary panel into 24 distinct semantic domains (the 25-category panel 

comprises these 24 substantive domains plus the "All Categories" aggregate). The endogenous structural break 

magnitude (λ) remains strictly positive across all 24 evaluated categories, and all domains record significant post-

break correlations with the LLM adoption proxy (r_intra). This establishes that the conversational shift reflects 

varying intensities of adoption rather than a binary division of affected versus unaffected domains (SI Appendix 

G.2). Applying a one-dimensional Jenks natural-breaks optimization (k = 3, silhouette S = 0.543), we partition this 

continuous gradient into three distinct shift profiles: Dominant, Emerging, and Incipient (Fig. 6). This classification 

reflects the relative intensity of the behavioral response, which is ordered by the cognitive nature of the dominant 

informational need rather than simple search volume (Wildemuth et al. 2018). For instance, while specialist fields 

like Science register as Incipient (λ = 1.246), they still exhibit a substantial structural break and post-break 

synchronization. In contrast, consumer-oriented domains like Sports (λ = 3.628) and Shopping (λ = 3.555), where 

informational needs are often open-ended and benefit disproportionately from synthesis, exhibit the largest 

Dominant shifts (Fig. 7). The statistical validity of this emergent profiling is strongly confirmed by a one-way 

ANOVA on the convergent domain-level LLM synchronization criterion (r_intra) withheld from the initial 

classification (F = 19.43, P < 0.001) (Fig. 8). 

 

Fig. 6. Jenks shift profiles: λ vs. r_intra scatter for 24 domains, colored by profile. Boxplots of λ and r_intra by 

profile. Thresholds λ_IE = 1.695 and λ_ED = 2.777 annotated. 

 



  

Fig. 7. Lambda lollipop: 24 domains ordered by structural 

break magnitude λ (Class 3), colored by profile. Vertical lines at 

Jenks thresholds.  

Fig. 8. r_intra synchronization: 24 domains ordered by 

post-break LLM synchronization, colored by profile. Error 

bars: 95% CI. 

Progressive Syntactic Emergence 

Having established the broad-based nature of the shift, we trace its micro-structural evolution through a nesting 

cascade analysis of six conversational verb families. We evaluate the standardization of promptification across three 

intersecting dimensions: temporal progression, syntactic imbrication depth (N1 to N5), and the convergence between 

broad-match semantic intent and exact-match syntactic formulation. For the five base verbs, the third imbrication 

level bifurcates to capture distinct politeness (N3a) and modal (N3b) trajectories, while the "can you" family follows 

a direct five-level progression. We decompose the observation window into three distinct behavioral periods 

anchored on the two pivotal events of the study. These consist of a 29-month pre-LLM baseline from January 2021 

to May 2023 (P1), an 11-month window of mass LLM adoption from June 2023 to April 2024 (P2), and a 24-month 

post-AIO window from May 2024 to April 2026 (P3). 

The combined detectability matrix (Fig. 9), supported by period-faceted heatmaps detailing exact-match and broad-

match trajectories across all verb families (SI Appendix H.3), reveals a clear chronological and imbrication-

stratified sequencing. To quantify this structural shift, we define detectability as the percentage of months within a 

given period registering non-zero search volume. For example, a 75% detectability in the 24-month P3 window 

indicates the expression successfully crossed the population-level measurement threshold in 18 distinct months. 

Among 18 high-imbrication exact syntactic forms completely absent in the P1 baseline (0% detectability), zero new 

forms achieved population-level detectability during the 11-month P2 window (SI Appendix H.1, Supplementary 

Table _22). Instead, the structural shift manifests exclusively in P3 through two concurrent mechanisms measured 

via distinct metrics. First, pre-existing conversational forms that already registered baseline volume in P1 intensify 

sharply. We measure this intensification using the ratio of the mean Search Frequency Index (SFI) between periods, 

with P3/P1 volume ratios reaching 9.6 for "help me write", 5.4 for "help me understand", and 4.1 for "can you help 

me find" (SI Appendix H.1, Supplementary Table _24). Second, 10 of the 18 advanced forms that were previously 

absent emerge in P3 following a strictly imbrication-stratified lag measured from the June 2023 anchor. The shortest 

stabilization lag is 13 months for forms like "can you please help me find", extending to 15 months for "can you 

help me write" and up to 24 months for "please help me write"; four additional forms register a first single-month 

detection only in the final month of the window (April 2026, lag 34 months), at the edge of detectability (SI 

Appendix H.1, Supplementary Table 25). 

To ensure this structural absence in P2 represents a genuine behavioral void rather than an artifact of Google Trends 

algorithmically censoring low-frequency queries (K. Liu 2024; Google 2026; Springer et al. 2026), we deliberately 

treat the platform’s volume-reporting rule not as a limitation, but as a strict measurement threshold for population-

level detectability. By comparing broad-match and exact-match detectability (SI Appendix H.2, Supplementary 



Table 26), we observe that general semantic intent successfully crossed this visibility threshold in P2, whereas its 

exact-match counterparts remained at absolute zero. This divergence provides direct evidence of the promptification 

mechanics: the underlying conversational intent existed and was actively searched post-LLM, but the specific multi-

component syntactic structures required to express it had not yet achieved the critical mass of standardization 

necessary to register as a shared population-level norm. 

This structural zero in P2 confirms that users adopted the conceptual intent of conversational delegation well before 

standardizing the exact syntactic formulations required to articulate it. We compare broad-match and exact-match 

detectability across periods. Historically, broad-match forms representing general semantic intent were already 

highly detectable, whereas their exact-match counterparts were almost completely absent. Consequently, a sharp 

reduction in this gap demonstrates that the exact word order of these expressions is gaining population-level traction, 

signaling a syntactic standardization toward queries characteristic of promptification. This comparison reveals a 

distinct convergence driven by imbrication depth. For intermediate levels, the detectability gap collapses 

significantly: the gap for "can you help me write" drops from 100 percentage points in P1 and P2 to just 25 

percentage points in P3. Similarly, the gap for "can you help me understand" contracts from 97 to 29 percentage 

points. However, at higher imbrication levels (N4 and N5), the gap remains wide or diverges, indicating that deeper 

syntactic complexity requires longer habituation to standardize (Saha Roy et al. 2016). Inherently, prompt 

formulation is a highly personalized and idiosyncratic process, as users engage with generative systems through 

individualized natural language to satisfy specific cognitive needs (Zamfirescu-Pereira et al. 2023; Zubair et al. 

2025). The delayed but decisive emergence of these multi-component expressions in P3, alongside the sharp 

contraction of the semantic-syntactic gap at intermediate levels, indicates that idiosyncratic natural language 

prompts are progressively coalescing into shared syntactic conventions. 

 

Fig. 9. Combined nesting detectability matrix: six verb families × imbrication levels N1–N5. Cell value: % non-zero 

months across P1–P3. Color: ≥80% dark green → 0% grey. ★ = first detectable in P3 post-AIO (May 2024). Zero new 

emergence in P2 confirmed across all N3a–N5 cells (18 forms absent in P1 EXACT; 10 emerge in P3, 8 remain below 

threshold). 



This late, ordered emergence of long high-imbrication forms is consistent with a continuing deepening of 

conversational use rather than a fresh wave of new adopters, a mechanism we develop in the Discussion. 

Robustness to Syntactic Specifications 

The primary panel findings are highly robust across alternative syntactic specifications. The monotonic ordering of 

differential elasticity (β₁ < β₂ < β₃) holds consistently under high-volume restricted (EXACT Top5) and semantic 

upper-bound (BROAD 10kw) specifications (Table 1). The EXACT 10kw specification provides the most 

conservative lower bound on the behavioral shift (β₃ = 1.326). When restricted to the highest-volume markers 

(EXACT Top5), the Class III elasticity expands (β₃ = 1.545), and it reaches its maximum magnitude under the 
semantic upper bound (BROAD 10kw, β₃ = 1.640). Endogenous structural break detection across these 

specifications reveals a clear chronological sequencing: the primary behavioral break for Class III emerges as early 

as September 3, 2023, under the BROAD 10kw specification, structurally preceding the January 14, 2024 break 

identified in the strict EXACT 10kw panel (SI Appendix E.6, Supplementary Table 13). This confirms that the 

observed promptification is not an artifact of low-frequency marker volatility, but a deep structural shift where broad 

semantic adoption systematically preceded strict syntactic standardization. 

Worldwide Generalization and Domain Stability 

The population-scale promptification phenomenon is not a US-specific platform artifact. A complete replication on 

worldwide search data preserves the core qualitative findings and confirms the universality of the domain gradient. 

The endogenous Bai-Perron algorithm identifies the primary behavioral structural break for Class III at the exact 

identical date (January 14, 2024), anchored against an identical LLM adoption plateau (June 25, 2023) (SI Appendix 

I.5, Supplementary Table 30). Across domains, all 24 evaluated semantic categories maintain a strictly positive 

structural break magnitude (λ > 0), with the aggregate Class III magnitude actually expanding in the worldwide 

panel (λ = 4.349). The Jenks domain ordering is qualitatively preserved, with fields like Health, Shopping, and 

Sports remaining Dominant, and News and Real Estate remaining Incipient, even as classification thresholds rescale 

upward (SI Appendix I.6, Supplementary Table 31). 

While the aggregate worldwide panel elasticity is moderately attenuated (β₃ = 0.994, P < 0.001), reflecting 
heterogeneous global LLM exposure, the Class II differential effect collapses entirely (P = 0.186). This 

heterogeneity isolates the conversational register (Class III) as the sole syntactic form emerging following generative 

AI diffusion at the cross-linguistic global scale (SI Appendix I.2, Supplementary Table 27). The directional 

precedence likewise replicates: in the worldwide error-correction model, LLM adoption remains weakly exogenous 

and conversational query frequency adjusts to it (long-run adjustment φ = −0.117, P = 0.0002; reverse direction non-

significant), confirming that the lead from diffusion to syntax is not US-specific (SI Appendix I.3, Supplementary 

Table _29). Finally, the panel ceiling coefficient is not only preserved but amplified worldwide (βAIO = −5.334, 
SE=1.272, P=2.8 × 10⁻⁵), consistent with a user-led behavioral spillover that preceded platform interface adaptations 

globally (SI Appendix F, Supplementary Table 18; SI Appendix I.7). 

DISCUSSION 

These findings document a durable, population-scale shift in how users formulate requests to the dominant web 

search interface. The temporal sequencing, the cross-geographic replication, and the eleven-month lag between the 

behavioral break and the platform’s deployment of AI Overviews together support a user-led reading: the 

conversational shift is a behavioral spillover from external exposure to large language models, not an adaptation to 

a platform interface change. The historical pattern in which users adapt their formulations to the machine’s 
constraints has, in this episode, run in the opposite direction: the population’s external habituation to generative AI 
preceded, and was then accommodated by, the legacy platform. Three results that might be read separately, the 

continued rise in conversational delegation after the platform’s deployment, the diminishing marginal response to 
LLM adoption captured by the negative ceiling coefficient, and the late emergence of long, ordered high-imbrication 

forms. They are best understood as a single mechanism observed through two distinct quantities. The level of 

conversational delegation, measured against time, tracks how far the behavior has moved. Its responsiveness to 

LLM adoption, measured against the adoption proxy, tracks how tightly the behavior is still being pulled upward by 

new exposure. These two quantities answer different questions, and after the platform’s deployment they move 
apart: the level keeps rising while the responsiveness flattens. Stated precisely, the deployment of AI Overviews 

precedes a level shift in mean conversational frequency, but not a regime shift; the elasticity to LLM diffusion dries 



up even as the correlation remains strong. This divergence has a natural reading. Independent evidence on 

generative-AI usage indicates that growth in usage volume increasingly outpaced growth in the user base, with the 

active-user base expanding only modestly from mid-2023 onward even as usage volume rose several-fold (Y. Liu 

et al. 2025; Y. Liu and Wang 2026). A plausible mechanism, consistent with this evidence among other explanations, 

is that the marginal source of promptification shifted over time: early on, the behavior was fed by new users carrying 

conversational habits into the search bar, which a responsiveness measure tied to adoption captures directly; later, 

as the inflow of new users slowed, the behavior was sustained and deepened by the existing population. A measure 

tied to the adoption proxy registers this slowdown as a ceiling, whereas a measure tied to time continues to rise, 

because the deepening of use by existing adopters does not require fresh adoption to proceed. The negative ceiling 

coefficient and the continued rise in level are therefore not in tension; they are two views of the same transition. 

This account also makes sense of the nesting cascade and assigns the platform interface its proper role. An interface 

that elicits natural language lowers the friction of an already latent behavior; it does not create the behavior 

(Papenmeier et al. 2021). If late-period growth is driven by existing users deepening their use rather than by new 

users joining, the progressive standardization of long, ordered, personalized conversational expressions is the 

expected fine-grained signature of that deepening: the same population, increasingly fluent in the conversational 

register, settles into more elaborate and more sequentially exact forms over time. Two features of the measurement 

are consistent with this reading. First, because Google Trends records the query that initiates a search and not any 

subsequent conversational turn, what is captured even after the platform deployed generative search remains largely 

the entry-level register that users bring to the bar. Second, the absence of a regime change at the deployment 

boundary, against the clear, datable break the same model detects for factual retrieval, indicates that the platform’s 
interface did not initiate the behavior it later accommodated. 

Beyond the syntactic record itself, the pattern documented here carries implications for the wider information 

ecosystem, which we flag as directions rather than findings. Complex conversational queries are increasingly 

resolved directly on the results page through generative summaries; emerging evidence indicates that such 

summaries reallocate attention away from publisher pages (Zheng et al. 2025; Agarwal and Sen 2026; Grossman et 

al. 2026; Huang et al. 2026; Khosravi and Yoganarasimhan 2026; Rolon-Merette et al. 2026), that content producers 

are beginning to optimize for citation by generative engines rather than for classical ranking (Ma et al. 2025), and 

that LLM adoption itself reshapes broader online behavior (Padilla et al. 2025). In this environment, the deployment 

of AI Overviews reads naturally as a strategic accommodation of a demand shift that the present data show was 

already under way; the platform’s own framing of the rollout, “let Google do the searching for you” (Reid 2024), is 

consistent with retaining increasingly conversational query traffic on the results page, a deployment whose 

competitive and regulatory dimensions are now actively debated (Ng and Wessel 2026; Singh and Scott Morton 

2026), and whose underlying content supply is itself becoming contested, as major web-infrastructure providers 

move to block AI crawlers by default absent compensation (Prince 2025). One year into the deployment, the 

platform itself reported that people were asking “more complex, longer and multimodal questions” (Reid 2025). 

The platform dates this change to its own launch; the decomposition reported here locates its onset roughly eleven 

months earlier. The two records are compatible: the post-deployment rise the platform observes is real, and appears 

in our data as a continued level shift; what the deployment did not do is increase the behavior’s responsiveness to 
LLM adoption. The reading consistent with both is that of an interface that accommodated, and may have helped 

consolidate and standardize, a register already in place rather than one it originated. The trajectory of 

accommodation has since continued past our observation window: in May 2026 the platform announced a redesign 

of the search box itself, dynamically expanding to accommodate longer, more descriptive input (Reid 2026), an 

interface evolution that follows the syntactic shift documented here rather than preceding it. 

The same dynamics define the limits of the present method. As formulations become more personalized and 

idiosyncratic, a growing share of them falls below the volume-reporting threshold of public indices, taking the finest-

grained syntax of human curiosity progressively out of macroscopic view; the late, threshold-crossing emergence 

documented in the nesting cascade is the visible edge of this process. Population-level syntactic indexation of the 

kind used here may therefore be most informative precisely in the window this paper covers. Downstream questions, 

including how conversational delegation alters depth of learning and knowledge formation (Spatharioti et al. 2023; 

Bastani et al. 2025; Melumad and Yun 2025) and how trust in AI-mediated information is calibrated (Venkit et al. 

2024), will require individual-level and experimental designs rather than further observational indexation. 



Several limitations qualify these claims. The design is observational and population-scale; it establishes temporal 

precedence and panel co-movement rather than a counterfactual causal effect. The shift persists across our 

observation window; only future studies can establish whether it is permanent. The mechanism linking the slowing 

of new-user growth to the deepening of use among existing users is supported by external usage evidence but is not 

measured directly in the search data, and is therefore offered as one coherent explanation among others. The marker 

set is in English and the worldwide aggregate is dominated by Latin-alphabet ecosystems, so generalization to 

specific non-English national search systems remains an open empirical question (SI Appendix I). Finally, the 

Search Frequency Index reflects relative rather than absolute query frequencies, which limits interpretation of 

absolute levels while leaving structural-break identification and elasticity estimation intact 
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