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Abstract

Real-time communication mediated by artifi-
cial intelligence (AI) can produce an accurate
output while changing how a speaker plans an
utterance and what a listener receives. Output
measures, such as word error rate, machine
translation scores, and task accuracy, leave
these process effects unobserved. We propose a
dual-axis framework that aligns disfluency mea-
sures with suggestion correspondence, includ-
ing lexical entrainment and semantic similar-
ity. Disfluency type, rate, timing, and duration
characterize observable production difficulty.
Correspondence measures characterize whether
suggestion content appears in the response. Ob-
serving both axes within the same episode dis-
tinguishes behavioral configurations that either
family alone leaves ambiguous and supports ex-
plicit hypotheses about planning, uptake, and
resistance. An illustrative corpus demonstrates
event-detection feasibility and shows that se-
mantic correspondence varies with coded in-
corporation and exceeds a comparison matched
on presentation format. These checks leave
cognitive interpretations open to experimental
validation. We also derive a prediction con-
cerning listeners: removing natural disfluencies
may remove cues that listeners use to antici-
pate difficult or novel material. The resulting
framework and reporting protocol extend stan-
dard evaluation to the human processes through
which real-time AI-mediated communication
succeeds or fails.

1 Introduction

Natural language processing (NLP) evaluation of
spoken dialogue systems has long asked whether
a system produced an accurate or useful output.
Word error rate (WER) evaluates automatic speech
recognition (ASR), Bilingual Evaluation Under-
study (BLEU) and chrF evaluate machine trans-
lation (MT), and task completion evaluates goal-
oriented dialogue (Papineni et al., 2002; Post,
2018). These measures have driven progress in

speech recognition, spoken language understand-
ing, and end-to-end (E2E) dialogue modeling
(Shriberg, 1994; Jurafsky and Martin, 2024). Their
unit of analysis becomes incomplete when a system
intervenes during communication itself. Real-time
AI-mediated communication (AI-MC) now sup-
plies suggestions, lexical clarifications, and spoken
completions while a person is planning and pro-
ducing speech (Duan et al., 2021; He and Fussell,
2026; Qin et al., 2025; Fang et al., 2025; Xia et al.,
2023). Two systems can consequently receive the
same output score while differing in planning dis-
ruption, response reuse, or preservation of cues that
support a listener. Evaluation that overlooks these
differences can favor a system that improves the
observable product while degrading the interaction
through which it was produced.

Speech provides evidence about these other-
wise hidden process differences. Speakers pro-
duce approximately 2–3 words per second while
coordinating lexical selection, phonological encod-
ing, prosodic planning, and articulation (Levelt,
1989). Filled pauses, repetitions, and restarts occur
in roughly 6–10% of spoken words in naturalis-
tic conversation (Bortfeld et al., 2001; Fox Tree,
1995), and their distributions vary with planning,
retrieval, monitoring, and interaction management
(Goldman-Eisler, 1968; Shriberg, 1994; Clark and
Tree, 2002; Corley and Stewart, 2008). An event
still has several possible sources because its inter-
pretation depends on the speaker, task, conversa-
tional position, and linguistic context. Its type and
timing can localize observable difficulty, while cor-
respondence between the AI suggestion and the
response establishes whether related content ap-
peared. The two forms of evidence answer comple-
mentary questions about the same episode.

We therefore advance a framework with two ob-
servable axes: speech measures and suggestion
correspondence. Lexical entrainment provides the
established word-choice measure within the second
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axis, while semantic and human-coded measures
capture correspondence beyond shared wording.
Aligning the axes yields four behavioral profiles
that organize competing explanations without as-
signing a unique cognitive state. A reporting pro-
tocol then specifies the anchors, comparisons, and
missing-data distinctions needed to test those ex-
planations. The same process perspective produces
an additional prediction for listeners, who may lose
useful anticipatory cues when AI systems smooth
disfluent speech (Arnold et al., 2003; Fox Tree,
2001; Corley et al., 2007). Our contribution is a
way to formulate and evaluate these process ques-
tions alongside output quality. We begin by estab-
lishing what speech-production theory permits the
measures to mean.

2 Theoretical Basis for Process Measures

Using disfluency as a process measure requires a
theory that constrains its possible sources. Levelt’s
1989 model organizes speech production into three
incrementally operating stages: the conceptualizer
generates a preverbal communicative intent, the
formulator translates this intent into a linguistic
plan, and the articulator executes the motor pro-
gram as speech (Indefrey and Levelt, 2004; Levelt
et al., 1999). A perceptual loop monitor compares
inner speech and auditory feedback with intent, and
detected mismatches can interrupt an ongoing plan
(Roelofs, 2020; Nozari et al., 2011; Hartsuiker and
Kolk, 2001).

Predictive processing accounts add that speak-
ers and listeners anticipate utterances at multiple
linguistic levels (Pickering and Garrod, 2013; Ha-
goort, 2019). Together, these accounts explain why
external content arriving during production may
affect planning, retrieval, monitoring, or manage-
ment of the interaction. They also set an inferential
boundary: event type and timing narrow candidate
processes without identifying a unique stage.

2.1 Relation to NLP Research on Disfluency

NLP has usually treated disfluency as material to
detect and remove. Work on the Switchboard cor-
pus established taxonomies of interruption points,
reparanda, and repairs (Shriberg, 1994), and subse-
quent sequence labelers, pretrained transformers,
and E2E ASR rescorers filtered these events before
parsing or MT (Wang et al., 2020; Jamshid Lou and
Johnson, 2020; Rocholl et al., 2021). This approach
supports downstream processing while discarding

evidence about how that output was produced.
A separate literature shows that AI can change

human language. Smart-reply and predictive-text
systems narrow lexical diversity and shift register
in text-based communication (Arnold et al., 2020;
Mieczkowski et al., 2021; Hohenstein et al., 2023;
Yakura et al., 2024), while work on conversational
entrainment measures lexical and syntactic con-
vergence between people (Nenkova et al., 2008;
Reitter, 2014; Niederhoffer and Pennebaker, 2002).
Real-time systems now connect these previously
separate concerns: E2E models such as Moshi (Dé-
fossez et al., 2024) and SpeechGPT (Zhang et al.,
2023), together with incremental turn-taking sys-
tems (Skantze, 2021), supply content during ongo-
ing production. The resulting evaluation problem
concerns both the system contribution and the hu-
man process of responding to it. This paper uses
disfluency to preserve process evidence and sug-
gestion correspondence to determine how that evi-
dence relates to system content.

2.2 Disfluency Types and Production
Processes

Disfluency categories become informative through
their different distributions across production and
interactional contexts. Silent pauses at clause and
phrase boundaries are associated with conceptual
planning and with the complexity or novelty of
upcoming material (Goldman-Eisler, 1968; Butter-
worth, 1980). Filled pauses (“uh/um”) occur dur-
ing conceptual planning and lexical retrieval and
can signal an upcoming delay to listeners (Clark
and Tree, 2002).

Other categories provide stronger evidence about
managing or revising an utterance. Repetitions can
maintain the conversational floor while formulation
continues (Schegloff et al., 1977; Engelhardt et al.,
2010). Self-repairs provide overt evidence that a
speaker halted and revised speech after monitoring
(Hartsuiker, 2006; Levelt, 1983), and their onset
can follow an error within hundreds of millisec-
onds (Hartsuiker and Kolk, 2001; Postma, 2000).
Their functions overlap with effects of task diffi-
culty, language background, turn management, and
the surrounding utterance. Inference therefore de-
pends on contrasts among types and positions. For
example, a shift from fillers toward repairs is con-
sistent with increased monitoring and correction,
while remaining compatible with other contextual
explanations.
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2.3 How AI Mediation Perturbs Production

These associations between disfluency type and
cognitive process make the production model ex-
perimentally useful. Lexical clarifications can re-
solve unfamiliar terms during comprehension and
change the information available for response plan-
ning (Duan et al., 2021; He and Fussell, 2026).
Content suggestions, such as topic prompts and
factual completions, may change conceptual plan-
ning (Arnold et al., 2016; He and Fussell, 2026;
Qin et al., 2025). Lexical and stylistic sugges-
tions, such as word recommendations and register
adjustments, supply candidate words or syntactic
frames during formulation (Arnold et al., 2020;
Hohenstein et al., 2023). Timing cues, such as
turn-taking prompts, may change turn initiation
and floor management (Skantze, 2021). These map-
pings specify predictions while allowing one inter-
vention to affect several components.

Evaluating external content while preparing
speech can place simultaneous demands on work-
ing memory (Oomen and Postma, 2001; Engel-
hardt et al., 2013). A nearby disfluency is con-
sequently consistent with evaluation of the inter-
vention and with unrelated production difficulty.
This ambiguity separates cognitive fluency, the ef-
ficiency of planning and retrieval, from utterance
fluency, observable speech production (Segalowitz,
2010). Lexical evidence, matched comparisons,
and converging measures are required to connect
an observable event to the intervention.

These mechanisms therefore motivate direc-
tional hypotheses. Relevant content available be-
fore a complex response may reduce pauses asso-
ciated with planning. Content that arrives during
formulation or conflicts with an emerging plan may
increase repairs and repetitions. Manipulating pro-
duction demand should chiefly alter speech event
timing and frequency, whereas manipulating sug-
gestion usefulness or attractiveness should chiefly
alter suggestion correspondence. Crossing these
manipulations tests whether the two measures re-
spond selectively and predicts changes in the four
profiles introduced next.

3 A Two-Axis Evaluation Framework

A useful framework must translate the theoretical
distinction into observations that can be compared
across systems. We organize those observations
along two axes: speech measures identify when
and how production difficulty becomes observable,

and suggestion correspondence identifies whether
system content appears in the response. Low dis-
fluency can accompany smooth uptake, no consul-
tation, silence, or withdrawal, and high correspon-
dence can reflect considered use, automatic reuse,
or content the speaker would have produced in-
dependently. Aligning the axes within the same
episode reduces these complementary ambiguities
and defines the evidence needed to distinguish the
remaining explanations (Jakesch et al., 2023; Ho-
henstein et al., 2023).

Comparison also requires a common protocol.
Studies should report anchors, windows, counting
rules, baselines, and extraction procedures while
adapting their values to the task and language. Un-
mediated baselines within each speaker are pre-
ferred when available. Studies without that condi-
tion should use matched windows or control trials
and model variation among speakers. Raw disflu-
ency values are unsuitable for unadjusted compar-
isons because individual rates vary substantially
(Bortfeld et al., 2001).

3.1 Speech Measures

The speech axis begins with event identity and pro-
gressively adds duration, position, and change over
time. Each layer restricts the plausible explanation
of an event while preserving uncertainty arising
from the speaker, task, and conversational context.

Disfluency rate by type. Report counts and rates
(per 100 words, per minute, or per elapsed response
time) of filled pauses, silent pauses, repetitions,
repairs, and false starts. Stating the denomina-
tor makes systems comparable, and retaining cat-
egories preserves differences among their likely
functions.

Disfluency duration. Report the temporal extent
of each event because equal counts can conceal
different amounts of interruption. Longer pauses
and repair phases can accompany greater planning
or reprocessing demands, with interpretation deter-
mined by event position and context (Hartsuiker,
2006).

Positional distribution. Locate event onsets rel-
ative to AI appearance, question completion, re-
sponse onset, wording related to the suggestion,
and response end. A filled pause after appearance
is consistent with planning or lexical retrieval dif-
ficulty, whereas a repair after wording related to
the suggestion provides evidence of revision. Posi-
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tion connects an event to a candidate intervention
period and operationalizes the speech event timing
axis in §3.3. Alignment windows should be spec-
ified before analysis and tested for sensitivity to
plausible boundary changes.

Disfluency trajectory. Report change across a
conversation to distinguish initial disruption from
adaptation or accumulated difficulty. Record si-
lence, abandoned turns, and missing speech sepa-
rately because each can otherwise appear as a low
event rate.

3.2 Content Correspondence Measures
Once a speech event has been localized, the sec-
ond axis asks how the response relates to the in-
tervention. We distinguish surface lexical overlap,
semantic similarity, and incorporation coded by
people because each supports a different inference.
Suggestion correspondence names the general axis,
and lexical entrainment refers specifically to con-
vergence in word choice across turns, following the
dialogue literature (Nenkova et al., 2008; Nieder-
hoffer and Pennebaker, 2002; Reitter, 2014).

Moving-average type-token ratio (MATTR).
This measure summarizes lexical diversity across
a session and uses a moving window to reduce the
length sensitivity of raw type-token ratio (Coving-
ton and McFall, 2010). A decline can accompany
repeated use of vocabulary suggested by AI (Ho-
henstein et al., 2023). It therefore detects change
in expressive range across time. Attribution to an
individual suggestion requires the correspondence
measures that follow.

Suggestion correspondence. Compare the par-
ticipant’s response text with the displayed sugges-
tion. Use surface measures such as n-gram overlap
to assess wording reuse and sentence-embedding
cosine similarity or BERTScore to assess seman-
tic correspondence (Reimers and Gurevych, 2019;
Zhang et al., 2020). Human coding can establish
whether recognizable suggestion content appears.
Reporting them separately prevents semantic simi-
larity, lexical reuse, and incorporation from being
treated as interchangeable. Together they opera-
tionalize response content while leaving endorse-
ment and reliance to additional evidence.

Connotation and register shift. Compare the
speaker’s affective, formal, or stylistic profile with
the AI output using formality classifiers (Pavlick
and Tetreault, 2016), function-word style matching

(Niederhoffer and Pennebaker, 2002), or affective
representations. Persistence into later unmediated
turns provides a stronger adaptation hypothesis
than immediate reuse. Topic, audience, and in-
teractional goals remain competing explanations
that matched comparisons must address.

3.3 Combining Speech and Content Measures
The two axes become informative when measured
for the same episode. Suggestion correspondence
establishes the relation between response and sys-
tem content, whereas speech event timing locates
observable production difficulty around the con-
tent’s availability and possible use. Crossing them
yields four behavioral profiles (Table 1). The pro-
files convert two ambiguous signals into a struc-
tured set of competing explanations and specify
which additional evidence could separate them.

Table 2 draws on a secondary analysis of the
published XPLAIN Wizard-of-Oz study (He and
Fussell, 2026). In that study, speakers using En-
glish as a second language completed a standard-
ized collaborative planning task. The interface pro-
vided private, clickable lexical clarifications and
presented predefined idea or sentence suggestions
at scripted points. The source paper reports the
system design and survey and interview findings.
Here, timestamped recordings and response anno-
tations serve only to demonstrate event alignment
and correspondence measurement. Trained anno-
tators coded disfluency events against intervention
timestamps and coded suggestion incorporation
from separate records. The excerpts illustrate mea-
surement decisions and carry no validated profile
labels.

Reading the excerpts descriptively, Row 1 shows
close phrase correspondence in the reconstructed
materials and a brief filler at retrieval onset. Row 2
contains a filler at clause onset outside the prespec-
ified analysis window and uses a different lemma.
Row 3 contains a pre-uptake um, the phonological
pack-/pack-aged/packable repair, and content up-
take of the AI’s term “packable.” Row 4 contains a
silent pause and filler followed by lexical substitu-
tion within the AI’s syntactic frame. These observa-
tions illustrate the component measures and remain
compatible with multiple cognitive accounts.

The examples also show why a profile starts an
analysis. Frequent Profile A observations could
arise from smooth fit, uncritical reuse, or missed
event detection, whereas frequent Profile D obser-
vations could arise from substitution, rejection, un-
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No event in analysis window Disfluency or repair in analysis window

Higher suggestion
correspondence

Profile A: response content corresponds with the
suggestion, and no event occurs in the prespecified
window. Consistent with smooth uptake, uncritical
reuse, or missed event detection.

Profile B: response content corresponds with the
suggestion and an event occurs in the prespecified
window. Consistent with effortful uptake or concur-
rent production difficulty.

Lower suggestion
correspondence

Profile C: response content has little correspon-
dence with the suggestion and no event occurs.
Consistent with independent production, missed
support, or undetected correspondence.

Profile D: response content has little correspon-
dence with the suggestion and an event occurs in
the prespecified window. Consistent with substi-
tution, rejection, unrelated planning difficulty, or
floor management.

Table 1: Four behavioral profiles defined by suggestion correspondence and speech events in a prespecified analysis
window. The cells summarize observable configurations and retain multiple candidate interpretations. Analyses
should preserve both axes as continuous measures, and the quadrants are descriptive and support hypothesis
generation.

Illustrated
relation

Reconstructed illustra-
tion

Timing of speech events Suggestion correspondence

Phrase
match

“um like rolling suit-
case”

Brief filled pause at retrieval onset and short re-
sponse latency. Their relation to the AI event
depends on the prespecified window and coding
rule.

Surface and content correspondence
with the reconstructed phrase sug-
gested by AI.

Different
content

“um I think we can in-
clude some basic items”

Filled pause at clause onset outside the prespeci-
fied analysis window.

Response contains content that dif-
fers from the reconstructed sugges-
tion.

Match with
repair

“um it’s a pack-. . . pack-
aged. . . packable back-
pack”

Filled pause before wording related to the sug-
gestion, followed by truncation and self-repair.

Content correspondence with the
AI’s term (“packable”) and phono-
logical variation in its production.

Frame with
substitution

“it’s. . . um but maybe in-
stead of a wool hat use
a beanie”

Silent pause and filled pause before a lexical re-
vision within the prespecified analysis window.

Syntactic frame correspondence
with lexical substitution (wool hat
→ beanie).

Table 2: Four reconstructed illustrations of the component measures in Table 1. Content words were paraphrased
into a different topical domain, and the original disfluency forms and positions were preserved. The rows illustrate
measurement without validated profile assignments. Two trained annotators independently coded events against
intervention timestamps and resolved disagreements through discussion. The source study received institutional
review board approval (protocol 0149408). Italicized tokens mark filled pauses, and “. . . ” marks silent pauses.

related planning difficulty, or floor management.
A system comparison should use profile frequen-
cies to select follow-up measures and should retain
output quality, task performance, and participant
reports as complementary outcomes.

Operationalizing the axes. Retain correspon-
dence and speech timing as continuous measures
in primary analyses, with the four profiles sum-
marizing regions of their joint distribution. Any
categorical cutpoint should be justified for the task,
specified before analysis, and examined in a sen-
sitivity analysis. This preserves information that
universal high and low thresholds would discard.

Chance baseline for suggestion correspondence.
Similar wording may have been likely without ex-
posure to a particular suggestion. Compare each re-
sponse with unshown suggestions matched on gen-

erator, task, topic, communicative function, length,
and presentation format when possible. The dis-
played score, matched distribution, and their differ-
ence estimate how much correspondence is specific
to the displayed content. Report unmatched dimen-
sions because they limit the comparison.

Illustrative measurement check. The corpus
first tests event detection and describes where
events occurred. The source study recruited 38
speakers using English as a second language, and
35 recordings were usable for disfluency analysis.
Two independently coded event intervals counted
as a match when their temporal intersection di-
vided by their union reached .25, yielding symmet-
ric event-detection F1 = .981. The adjudicated
record contained 1,276 events with 2,286 category
labels, of which filled pauses were the most fre-

14



quent category (1,039 labels). At least one event
occurred in 62.3% of suggestion response intervals
and 44.8% of clarification response intervals. The
design included no unassisted condition, and the
contexts differed in support function, response con-
tent, and observation time. This contrast therefore
provides only a descriptive estimate of coverage.

The next check asks whether aggregate disflu-
ency rate is associated with suggestion incorpo-
ration in this sample. Incorporation codes were
available for 312 responses from two sources: 268
had graded codes and 44 had binary codes. Each
source supplied a final code without independent
duplicate coding, and the 22 positive binary cases
lacked partial or full extent. Within participants,
the probability that an incorporated response had
a higher disfluency rate was .541 (exact p = .347,
Holm-adjusted p = .694, 31 participants, 277 re-
sponses). This inconclusive association does not
support using aggregate disfluency rate as a substi-
tute for a separate correspondence measure.

The correspondence checks then ask whether the
content measure behaves as intended. Using final
corrected response spans, similarity increased with
incorporation among 261 responses with graded
codes and semantic scores (descriptive Spearman’s
ρ = .483). Across 332 responses, displayed sug-
gestions were more similar than the mean of other
suggestions of the same format that were not shown
on that trial in 299 cases (90.1%), with mean simi-
larity of .617 for displayed suggestions and .352 for
comparisons (difference = .265). Both summaries
contain repeated responses from participants and
items. The alternative suggestions also concerned
different items, so the second summary is a weak
baseline that retains topic differences. These results
establish event-detection feasibility and a descrip-
tive relation between semantic correspondence and
coded incorporation. The corpus has no measure
of cognitive load aligned to individual events or
independent labels for the profiles, leaving their
cognitive interpretations for prospective tests.

3.4 Anticipated Objections
The most direct objection is that WER and sur-
veys already cover system quality and user expe-
rience. They answer questions at different tem-
poral scales: WER evaluates transcript accuracy,
and surveys summarize retrospective experience.
Analysis aligned to individual events asks where
production changed around a particular interven-
tion and whether its content entered the response.

The framework is useful when this local process
question matters to the system comparison.

A stronger objection concerns the nonspecificity
of disfluency. Planning, retrieval, language back-
ground, and floor management can produce similar
events. Temporal alignment and suggestion corre-
spondence reduce this ambiguity, especially with
comparisons within speakers or across matched
episodes. Causal and cognitive claims still require
the contextual and converging evidence specified in
Table 3. This constraint defines the framework’s ev-
idential standard and prevents a behavioral profile
from becoming a diagnostic label.

4 Application Across AI-MC Contexts

The framework earns practical value only when it
changes how systems are compared. The following
cases expose different ways that equivalent output
scores can conceal process effects, and each case
yields a distinct contrast for the two axes.

4.1 Proactive Content Scaffolding

Contextual suggestions and factual completions
can improve the final response while imposing dif-
ferent demands during its production (Fang et al.,
2025; Xia et al., 2023). Research on text input
already documents changes in language use un-
der reply and composition support (Arnold et al.,
2020; Mieczkowski et al., 2021). In speech, rel-
evant content available before response planning
may reduce pauses at clause boundaries, whereas
content that conflicts with an emerging plan may
increase fillers, false starts, or repairs. Tests can
separate these accounts by varying timing and se-
mantic fit, comparing matched opportunities, and
modeling individual baselines. Session trajecto-
ries then show whether an initial effect diminishes
through adaptation or accumulates across interven-
tions.

4.2 Lexical and Stylistic Adjustment

Word replacements, register adjustments, and tonal
reframings intervene closer to formulation by sup-
plying candidate lemmas and syntactic frames. In-
teractive alignment theory predicts lexical conver-
gence through priming and shared expectations
(Pickering and Garrod, 2004, 2013). Computa-
tional measures can compare convergence with
the human partner and with the AI across turns
(Nenkova et al., 2008; Reitter, 2014; Niederhoffer
and Pennebaker, 2002). This comparison becomes
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Requirement Reference implementation and reportable choices

Unit and contrast Analyze each suggestion opportunity and the participant’s first substantive response. Report any
unmediated condition, matched control trials, and adjustment for repeated observations within
speakers.

Event anchors and win-
dows

Record suggestion appearance, question completion, response onset, and response end. The
illustrative corpus used four intervals: 10 seconds before appearance, appearance to question
completion, question completion to response onset, and response onset to the earliest competing
event, substantive partner turn, page transition, or 30 seconds after question completion.

Disfluency assignment Assign an event to a window by onset. Report categories, counts, durations, denominator,
annotation or extraction method, reliability, and timestamp sensitivity.

Content correspondence Analyze only the participant’s response text. Report surface overlap, seman-
tic similarity, and incorporation codes separately. The illustrative check used
paraphrase-multilingual-mpnet-base-v2. Report the model and segmentation rule.

Chance baseline Compare the response with unshown suggestions matched on task, topic, communicative function,
length, and presentation format. The illustrative corpus matched task and presentation format
only. Report unmatched dimensions, the displayed score, comparison mean, and their difference.

Thresholds and missing-
ness

Preserve continuous scores in primary analyses. Mark categorical profiles as exploratory. Record
silence, abandoned turns, unavailable speech, and extraction failures separately.

Interpretation Report language, task, turn position, floor management, and plausible alternative explanations.
Use self-report, performance, multimodal measures, or experimental manipulation when making
cognitive claims.

Table 3: Minimum reporting protocol. Values can vary across tasks and languages, and the listed information is
required for comparison and interpretation.

consequential when accommodation is distributed
unequally. Sociolinguistic research predicts greater
accommodation from speakers with less positional
power (Giles and Ogay, 2007). Higher suggestion
correspondence and lower lexical diversity in that
group would document an asymmetry requiring ex-
planation. Establishing an AI effect then requires
controls for power, topic, item content, and base-
line language use.

4.3 Self-Presentation and Emotional
Attunement

Tone refinement, empathic phrasing, and polite-
ness support extend the same problem to self-
presentation (Goffman, 1959; Walther, 1996). Sug-
gestion correspondence localizes immediate reuse,
and MATTR shows whether lexical diversity
changes across the session. Comparisons within
speakers across mediated and unmediated condi-
tions can therefore test changes in expressive range.
Participant and listener judgments remain neces-
sary for assessing genuineness and appropriateness,
outcomes that linguistic correspondence alone can-
not determine. Across all three contexts, valid in-
ference depends on following the relevant people,
turns, and modalities beyond an isolated response.

5 Methodological Extensions

Extending the unit of analysis beyond one speaker
and one turn introduces dependencies that the basic
two-axis profile must represent explicitly.

5.1 Dyadic and Multiparty Settings
Dyadic AI-MC permits comparison of each
speaker’s speech rate, disfluency, and lexical
choices across turns (Pickering and Garrod, 2004).
Additional participants introduce overlap, floor
holding, shifting addressees, and several potential
sources of lexical convergence (Clark, 1996). Anal-
yses should therefore model addressee, turn posi-
tion, overlap, and group role. With these dependen-
cies represented, the framework can test whether
access to suggestions, content correspondence, and
speech events are distributed asymmetrically across
participants.

5.2 Speaker and Listener Roles
The analysis of speakers raises a corresponding
question about what mediation changes for lis-
teners. Automatic speech recognition captions,
speech-to-speech translation, and speech language
models may remove pauses and repairs from the
signal (Wang et al., 2020; Rocholl et al., 2021; Dé-
fossez et al., 2024; Zhang et al., 2023; Skantze,
2021). Psycholinguistic studies show that filled
pauses can direct attention toward novel or complex
content and facilitate lexical integration (Arnold
et al., 2003; Fox Tree, 2001; Corley et al., 2007),
and listeners also adapt to a partner’s disfluency
patterns (Brennan and Schober, 2001). Smooth-
ing may therefore improve surface fluency while
reducing information used during comprehension.

This literature supports an untested prediction
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about AI smoothing: removing natural disfluen-
cies may reduce anticipatory cues and impair com-
prehension of novel material. A controlled study
should manipulate filled pauses, silent pauses, and
repairs separately. For fillers and silent pauses,
lexical content and voice can remain constant
while overall duration is balanced or modeled. Re-
pair studies can compare matched fluent and re-
paired recordings and model duration differences.
Recall, comprehension accuracy, clarification re-
quests, echoed repetitions, and planning time in
the listener’s next turn capture consequences at dif-
ferent stages. This design could test whether an
apparent improvement in output fluency creates a
cost for the listener.

5.3 Multimodal Triangulation
The remaining ambiguity concerns what a local-
ized speech event means. Complementary streams
can connect the event to consultation, arousal, or
broader acoustic change while preserving the limits
of each measure.

Gaze and interaction logs. Gaze toward an AI
display and interface logs can show that prompt
consultation coincided with a speech event. Their
inferential contribution is orientation to a region
at the precision supported by the recording and
coding method.

Physiological measures. Electrodermal activity
(EDA) and heart rate variability (HRV) can provide
converging measures of autonomic arousal (Taptik-
lis et al., 2023). Arousal remains compatible with
deliberation, overload, and other explanations.

Acoustic features beyond disfluency. Speech
rate, pitch range, and pause duration complement
categorical counts. Extraction should use raw au-
dio or a pipeline validated for retaining the target
events.

Each stream addresses a different ambiguity,
so the useful combination follows the claim be-
ing tested. Inferences about cognitive benefit or
harm ultimately require performance, experience,
or experimental outcomes aligned with the same
episode.

6 Design Implications and Conclusion

Two systems can achieve the same WER, task com-
pletion, or satisfaction score while creating dif-
ferent production demands and different input for
listeners. Disfluency measures locate observable

production difficulty in time, and suggestion corre-
spondence establishes how the response relates to
system content. Their joint analysis makes these
otherwise hidden differences available for system
comparison.

The immediate use case is offline evaluation. Re-
searchers can derive the measures through human
coding, forced alignment, or ASR configured to
retain disfluencies (Shriberg, 1994; Wang et al.,
2020; Jamshid Lou and Johnson, 2020; Rocholl
et al., 2021), with explicit validation of event re-
tention, timestamps, and extraction error. Adaptive
deployment sets a higher evidential threshold: a
measure must prospectively predict benefit or diffi-
culty in the target population, and responding to it
must improve an outcome. An isolated disfluency
spike or decline in lexical diversity cannot justify
intervention.

The framework contributes four behavioral pro-
files, a minimum reporting protocol, and experi-
ments that can test their interpretations for speak-
ers and listeners. Its broader claim is that real-time
AI-MC should be evaluated through the interaction
that produces an output as well as through the out-
put itself. This expanded unit of evaluation reveals
when apparent system success coincides with ob-
servable production difficulty, response reuse, or
fewer comprehension cues.

Limitations

The framework’s value depends on disciplined in-
terpretation of its boundaries. The illustrative cor-
pus establishes event-detection and correspondence
feasibility. Causal validation and independent la-
bels for the four behavioral profiles require prospec-
tive data.

Pipeline dependence. Extracting fluency met-
rics requires human coding or a pipeline for ASR
and disfluency detection. Outputs from many E2E
speech models (Whisper, SeamlessM4T) and com-
mercial ASR application programming interfaces
(APIs) omit fillers and reparanda. Applying the
framework therefore requires systems that preserve
disfluencies (Wang et al., 2020; Jamshid Lou and
Johnson, 2020; Rocholl et al., 2021), forced align-
ment over raw audio, or human annotation. Each
approach introduces measurement error and cost
that implementation work must quantify.

Speaker variability. Disfluency rates vary 5–
10× across individuals as a function of age, lan-
guage background, working memory capacity, and
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clinical conditions (Bortfeld et al., 2001; Engel-
hardt et al., 2010). Contrasts within each speaker
are preferred. Designs without an unmediated
condition should use matched episodes, model
speaker effects, and avoid unadjusted system rank-
ings across speakers.

Limits of profile identification. The two axes
are noisy observable measures. Similar response
content can arise without suggestion use, and an
event in the analysis window can reflect planning,
retrieval, turn management, or measurement error.
Chance baselines address prior content similarity,
and contextual and multimodal evidence narrows
the interpretations of speech events. The profiles
remain descriptive and can be used to generate
hypotheses.

Theoretical anchoring. Levelt’s architecture
organizes candidate production processes. Predic-
tive processing and interactional accounts (Pick-
ering and Garrod, 2013; Hagoort, 2019) motivate
additional explanations. The proposed relations
between disfluency types and production processes
are probabilistic and require tests that account for
context.

Operationalization. Table 3 specifies minimum
reporting requirements. Lemmatizer choice, em-
bedding model, n-gram window, MATTR window,
and event windows still depend on language, regis-
ter, and task. Comparisons across studies require
reporting these choices and testing sensitivity to
plausible alternatives.

Scope across languages. Our taxonomy and pre-
dictions are derived primarily from psycholinguis-
tic literature on English. Filled-pause inventories,
repair conventions, and cues at clause boundaries
vary across languages, so the framework requires
replication in each language before cross-language
application.

Adaptive feedback. A system that responds
to disfluencies may change how users speak over
time. Periodic recalibration, control conditions that
withhold intervention, and longitudinal evaluation
are required to detect such effects.

Ethical Considerations

Speech behaviors have probabilistic associations
with cognitive processes, creating risks in both data
collection and interpretation.

Bias across speaker populations. Disfluency
baselines vary across populations. Stuttering, apha-
sia, and Parkinson’s-related dysarthria can produce

disfluency unrelated to AI-MC, and speakers using
a second language (L2) can differ from speakers
using their first language (L1) (Segalowitz, 2010).
Unadjusted application may conflate speaker char-
acteristics with system quality. Designs that com-
pare observations within each speaker, stratified
analysis, and explicit baseline adjustment are pre-
requisites for population comparisons.

Surveillance dual use. Real-time extraction of
speech features can support workplace monitoring.
These measures should be limited to consented re-
search evaluation. Any field deployment would re-
quire informed consent, bystander protection, data
minimization protocols, and an explicit prohibition
on inference about individual performance.

Privacy and institutional review. Applying
the framework requires recording and processing
speech, which is highly identifying personal data.
Extracted features may retain sensitive information,
and the source audio contains identity and content.
Institutional review, secure storage, data minimiza-
tion, and feature extraction on devices where fea-
sible are appropriate safeguards. The recording
used for Table 2 was collected under institutional
review board protocol 0149408. The illustrations
reconstruct the original events with content words
paraphrased into a different topical domain.

Power asymmetry and equity. §4.2 motivates
testing whether speakers with less positional power
correspond more closely with AI suggestions. Such
a pattern would raise a deployment concern be-
cause AI-MC may affect speakers unequally. Field
evaluations should report outcomes by positional
power and include pooled estimates only with the
corresponding stratified results.

Feedback through training data. Training on
speech processed through ASR, speech language
models, or translation pipelines may change the dis-
tribution of disfluencies represented in future sys-
tems. Datasheets and provenance metadata should
distinguish naturally produced speech from AI-MC
speech.

Use of AI Assistants. We used large language
model (LLM) writing assistants, including chat as-
sistants and integrated development environment
tools, to refine prose, copyedit text, and format
LaTeX. The authors developed the research ideas,
framework, analyses, citations, arguments, and bib-
liography and reviewed all assisted edits.

Materials Availability. Supporting materials
can be found on the Open Science Framework at
https://osf.io/yc6dh/.
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