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Abstract
Political commitment is easy to over-read from modal-word counts. The same form can realize prediction, obligation, discourse management, or a future undertaking, and a category can occupy a larger share of a functional inventory even while becoming less frequent in the discourse as a whole. This study examines those measurement problems in a longitudinal corpus of Donald Trump's monologic political speeches. The protocol-defined corpus contains 156 speeches from 2015 through July 2026 and 843,837 analysis-ready lexical tokens. A deterministic, precision-first annotation layer identified 12,325 commitment-related construction events: 5,530 epistemic, 1,859 deontic, and 4,936 commissive. A reserved stratified sample of 300 detected events was independently double-coded and adjudicated before final interpretation; the validation was used as a construct audit of domain assignment rather than as a claim of exhaustive recall. Composition was modeled with speech-clustered generalized estimating equations, while absolute event rates were modeled with negative-binomial regression using document token count as an offset. The most stable substantive pattern is a contraction of explicit first-person commissive constructions: density falls from 93.4 events per 10,000 tokens in the first-campaign period (P1) to 25.7 in the second-presidency period (P5), with P5 showing both lower genre-adjusted commissive membership (OR = 0.28, 95% CI [0.22, 0.36]) and a lower absolute rate (IRR = 0.23, 95% CI [0.19, 0.28]). The direction survives rally-only and formal-address-only comparisons, month-clustered covariance, exclusion of the longest speeches, and a conservative removal of formulaic first-person futures. By contrast, higher epistemic or deontic shares do not consistently imply higher absolute rates, and latent lexical-content adjustment materially changes some period coefficients. The paper therefore treats periods as historically situated contrasts, not causal effects of office or candidacy. The broader contribution is methodological: longitudinal political-language research benefits from separating form from function, share from rate, and event frequency from the dependence structure of speeches.
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1. Introduction
Political speakers do more than describe states of affairs. They present propositions as certain or doubtful, actions as necessary or optional, and future courses of action as undertakings that bind themselves or an in-group. These meanings are central to political persuasion and accountability, yet they are difficult to measure well. A count of modal verbs is not enough. Will can predict what somebody else is expected to do, but it can also introduce a first-person undertaking. Have to can express policy necessity, but it also appears in conversational routines such as I have to say. Even a proportion can mislead: an epistemic category may become more prominent within a restricted inventory simply because commissive constructions have contracted.
These problems are especially acute in longitudinal work. Political speech changes with campaign stage, office-holding, audience, genre, topic, and historical circumstance, while corpus observations are highly clustered. A long rally may contain hundreds of repeated constructions, but those events do not constitute hundreds of independent speeches. At the same time, speeches sampled in adjacent months may recycle themes or formulations. A defensible longitudinal analysis therefore requires not only a linguistic account of form-function indeterminacy but also an inferential design that respects the document structure of the corpus.
The present study addresses these issues in the Donald Trump Longitudinal Political Speech Corpus (DTLPSC), a frozen corpus of monologic political speeches spanning 2015-2026. Trump is a useful case not because his language is unexplored, but because the decade-long record crosses multiple campaigns, a post-presidential interval, and two presidential administrations. Prior studies have already shown that analyses of his discourse are sensitive to time and genre (Wang & Liu, 2018), that lexical and thematic patterns change longitudinally (Savin & Treisman, 2025), and that interpersonal positioning can be studied through stance, Appraisal, and discourse-historical frameworks (Alshammari & Alyousef, 2025; Boginskaya, 2025; Nguyen & Tran, 2025; Xia & Xu, 2026). The contribution here is narrower: a measurement architecture for selected epistemic, deontic, and commissive constructions that distinguishes relative composition from absolute token-normalized rate and tests whether the main findings survive increasingly conservative specifications.
The form-function distinction also offers a specific, albeit untested, application for computer-assisted language learning. In a digital concordance activity, English-language learners could compare first-person and non-first-person uses of will, inspect surrounding text, and decide whether a construction presents a prediction or a prospective undertaking. The transparent annotation rules and documented boundary cases provide material for discussing why a modal-word search alone cannot reliably determine pragmatic function. This is a proposed teaching use of the existing corpus analysis, not an instructional intervention or a claim about learner improvement.
The study uses political commitment as an operational umbrella rather than as a claim that epistemic modality, deontic modality, and commissive illocution form a single natural semantic class. The three domains answer related but different questions: how strongly is a proposition presented as possible, probable, or certain; how is action construed as necessary or obligatory; and how often does the speaker linguistically undertake future action on behalf of self or an in-group? Treating them side by side makes it possible to ask whether longitudinal change is broad-based or concentrated in one part of the commitment-related construction inventory.
This framing also keeps the inferential claim deliberately modest. The paper does not infer sincerity, private intention, truthfulness, or psychological commitment from linguistic frequency. Nor does it treat period as a causal treatment. The target is the distribution of observable constructions in the 156 sampled speeches. Within that target, the paper asks whether a particularly large decline in first-person commissive constructions remains visible after genre control, genre matching, temporal-dependence checks, influential-document checks, and conservative handling of formulaic futures.
Research questions. RQ1: How do the absolute density and relative composition of the three high-precision commitment-construction domains vary across five descriptive periods? RQ2: Do compositional differences persist after adjustment for broad communicative genre, and do they correspond to changes in absolute event rates? RQ3: Does the operational form-function mapping of will - first-person commissive versus non-first-person prediction - vary across periods? RQ4: Do the central contrasts survive strict genre matching? RQ5: How sensitive are the main conclusions to temporal dependence, influential long speeches, formulaic first-person futures, metadiscursive deontic constructions, continuous-time modeling, and latent lexical-content adjustment?
2. Theoretical Background and Research Context
2.1 Stance, modality, and commitment as a measurement problem
Stance research provides a broad account of how speakers position themselves toward propositions and interlocutors. Biber and Finegan (1988, 1989) showed that stance is realized through a heterogeneous inventory of lexical and grammatical resources and that apparently straightforward markers require contextual interpretation. Hyland's (2005) stance-and-engagement framework similarly foregrounds positioning and interaction, although it was developed principally for academic discourse. For political language, the central methodological lesson is that candidate detection can begin with forms, but linguistic interpretation cannot stop there.
Modality sharpens this point. Palmer (2001) and Portner (2009) emphasize that modal meaning concerns alternatives to simple factual assertion, while Coates (1983) treats indeterminacy as a substantive property of English modal auxiliaries rather than a nuisance. Work on subjective and objective modality likewise demonstrates that the same modal inventory can serve different interpersonal and ideational functions (Verstraete, 2001). Political discourse makes that polyfunctionality especially visible. Simon-Vandenbergen (1997), for example, shows that certainty and uncertainty in political discourse are functional choices rather than direct readings from isolated forms, and her study of I think demonstrates that the expression can signal tentativeness, deliberation, or authority depending on context (Simon-Vandenbergen, 2000).
These observations matter computationally. Fine-grained modality annotation requires an explicit scheme for separating surface realization from semantic or pragmatic function (Rubinstein et al., 2013). Agreement itself is part of construct validation, not merely a technical afterthought, because categories that expert annotators cannot apply consistently are poor targets for large-scale automatic counting (Artstein & Poesio, 2008). The present study therefore favors a narrow, transparent inventory with explicit exclusions over a larger inventory whose semantic status cannot be reproduced reliably.
2.2 Commissives, political promises, and first-person futures
Commissives are conventionally distinguished by the speaker's commitment to a future course of action (Searle, 1976). In political discourse, this class is closely related to promises, pledges, vows, and future-oriented undertakings, but the mapping from grammar to illocution is not one-to-one. Mišić Ilić and Radulović (2015) show that commissive force in political speeches can be realized by several devices and that its rhetorical significance depends on discourse context. More recently, Zalik and Baden (2025) combine manual and computational analysis to study political promises across routine parliamentary discourse, underscoring both the persistence of promises outside campaigns and the need to distinguish genuine action promises from irrelevant future-oriented formulations.
The distinction is crucial for will. A clause such as We will cut taxes naturally lends itself to a commissive reading, whereas Prices will fall is predictive. But first-person subjecthood is not sufficient in every context. We'll see, I'll tell you, and I'll never forget can be discourse-management or experiential formulas; We will be paying a price may function more like prediction than undertaking. Conversely, the referent of political we can range from the speaker's administration to a party, supporters, the country, or a broader collective. The primary annotation in this study therefore treats first-person future constructions as a precision-oriented operational proxy for self/in-group undertaking, validates that proxy against human judgments, and then subjects it to a stricter formula-exclusion analysis rather than assuming that person marking mechanically determines speech-act force.
2.3 Why rate and share answer different questions
Corpus studies often normalize frequencies against all running words, which estimates how densely a construction occurs in discourse. A different denominator is obtained when a category is divided by the total number of events in a restricted functional inventory. That proportion answers a compositional question: conditional on having identified a commitment-related event, how likely is it to belong to one domain? The two quantities can move in opposite directions. If commissives contract sharply while epistemics remain stable, epistemic share rises even though epistemic density does not.
This denominator problem is not cosmetic. It changes the linguistic interpretation of longitudinal variation. The present design therefore treats domain share and token-normalized rate as separate estimands. Event-level generalized estimating equations model the composition of the detected inventory, while document-level negative-binomial models estimate absolute rates with speech length as exposure. A speech-level fractional-response sensitivity gives each document equal influence on composition, clarifying that the event-weighted GEE is an analysis of events rather than an estimate of the 'typical speech.'
2.4 Longitudinal Trump discourse and the present gap
Trump's discourse has been studied through stylistic, corpus-assisted, pragmatic, and discourse-historical approaches. Wang and Liu (2018) explicitly demonstrate temporal and genre variation during the 2016 election, while Homolar and Scholz (2019) examine populist crisis narratives and Szczygłowska (2022) compares lexical and phraseological profiles of Trump and Obama. More recent studies move closer to interpersonal positioning: Boginskaya (2025) applies a stance framework to campaign speeches; Alshammari and Alyousef (2025) compare Engagement resources in the 2024 campaign; and Nguyen and Tran (2025) examine Disclaim resources in the 2017 and 2025 inaugural addresses.
Longitudinal novelty must also be stated carefully. Savin and Treisman (2025) analyze Trump's public addresses from 2015 to 2024 and document changes in vocabulary and thematic emphasis, while Xia and Xu (2026) trace othering across the 2016, 2020, and 2024 campaigns. The present study is therefore not novel merely because it spans a decade. Its contribution lies in jointly modeling three functionally distinct commitment-related domains, separating composition from rate, validating a reproducible construction layer, and stress-testing the central result under genre-matched and dependence-aware specifications.
3. Data and Methods
3.1 Corpus construction, provenance, and eligibility
The study uses the Donald Trump Longitudinal Political Speech Corpus (DTLPSC), constructed under a frozen acquisition and eligibility protocol. Discovery drew on two American Presidency Project (APP) frames: a Trump speeches-and-remarks index and a presidential spoken-addresses/remarks frame. APP describes itself as an authoritative, nonpartisan archive of presidential public documents and resolves discrepancies against published Public Papers where applicable (Peters & Woolley, n.d.). Repository membership, however, was never treated as automatic corpus eligibility.
The discovery manifest contained 198 records. The main corpus was restricted to monologic political speech: campaign speeches and rallies, formal public or presidential addresses, and public or policy remarks. Interviews, debates, reporter exchanges, roundtables, partial excerpts, and strongly interactive records were excluded from primary analysis. A document additionally required a resolvable transcript, reliable Trump-speech segmentation, unique retention, and at least 500 Trump-attributed clean lexical tokens. The audit yielded 156 included and 42 excluded records. Eighty-two included transcripts were segmented from explicit speaker labels and 74 were treated as monologic unlabeled transcripts.
The frozen transcript layer was retained for provenance. A final analysis audit removed residual bracketed stage or paralinguistic tags and text inside explicitly marked video-montage blocks. This reduced the token total from 856,733 to 843,837, a change of 12,896 tokens (1.51%), while leaving all 156 speeches above the 500-token threshold. Tokens are Unicode lexical tokens; contractions are retained, while paralinguistic and editorial material is excluded. 
Table 1. Analysis-ready corpus composition by descriptive period
	Period
	Speeches
	Tokens
	Median tokens
	Rally
	Formal
	Public remarks
	Observed included dates

	P1
	63
	177,175
	2,303
	10
	3
	50
	2015-06-16 to 2016-11-07

	P2
	24
	62,890
	1,747
	1
	13
	10
	2017-03-02 to 2020-12-02

	P3
	12
	153,516
	13,287
	11
	0
	1
	2022-01-15 to 2022-11-05

	P4
	28
	313,476
	11,954
	20
	1
	7
	2023-06-10 to 2024-10-22

	P5
	29
	136,780
	3,462
	1
	15
	13
	2025-03-07 to 2026-07-17


Note. P1 = first campaign; P2 = first presidency; P3 = post-presidency before the second candidacy announcement; P4 = second campaign; P5 = second presidency through the frozen cutoff. Period labels refer to nominal historical windows, while the final column reports the dates actually represented by retained documents.
3.2 Periods, genre, and the inferential target
Five descriptive periods were defined before the main analysis: P1, first presidential campaign (16 June 2015-8 November 2016); P2, first presidency (20 January 2017-20 January 2021); P3, post-presidency before the second candidacy announcement (21 January 2021-14 November 2022); P4, second presidential campaign (15 November 2022-19 January 2025); and P5, second presidency through the frozen cutoff (20 January 2025-31 July 2026). They are contextual bins, not causal treatments. The retained documents do not cover each nominal window uniformly: P3 begins in the corpus in January 2022, and P5 begins in March 2025. Period therefore indexes historically situated discourse, including changes in topics, audiences, production practices, and political role.
Genre was collapsed to RALLY, FORMAL_ADDRESS, and PUBLIC_REMARKS. The imbalance is substantial. P3 and P4 are rally-heavy, whereas P2 and P5 contain many more institutional addresses. The primary models therefore adjust for broad genre, but adjustment alone cannot identify an office-holding effect when period and context are partly confounded. Strict genre-matched analyses compare rallies across P1/P3/P4 and formal addresses across P2/P5.
The inferential target is equally important. All speeches are produced by one political speaker. The study does not generalize to a population of politicians or speakers. Speech clustering addresses repeated commitment events within documents; month-clustered and leave-one-month-out checks probe residual temporal dependence among nearby speeches. The results should be read as structured evidence about the observed DTLPSC speeches, not as causal estimates of candidacy, presidency, age, or historical time.
3.3 Computational annotation and human construct validation
Candidate events were detected with deterministic regular-expression and context rules. No sentiment model or large language model was used. The broad candidate layer covered pre-specified construction families, while the primary layer retained only those treated as comparatively high precision. Commissive candidates included first-person I/we will and contractions, first-person be going to/gonna, and lexical commitment predicates such as promise, pledge, vow, and selected guarantee patterns. Deontic candidates included have to, got to, and cannot allow. The broad layer also detected must, should, ought to, and need to, but these were retained outside the primary automatic layer because of polysemy and context sensitivity. Epistemic candidates included possibility/probability expressions such as might, maybe, perhaps, probably, and likely; stance predicates including I think and I believe; certainty constructions including I/we know and selected certainty adverbs; and non-first-person predictive will. Ambiguous may was excluded from the primary layer.
For each candidate, the pipeline retained sentence position, sentence text, and a local context window. A quotation detector and reported-speech heuristic removed cases whose commitment holder could not be attributed safely to Trump. Conditionality and local negation were recorded as attributes rather than used automatically to change domain membership. The broad layer contained 14,432 candidates. The primary layer contained 12,325 events: 5,530 epistemic, 1,859 deontic, and 4,936 commissive. Quotation, reported-speech, and ambiguity flags can overlap and are therefore not additive exclusion counts.
Human validation was completed before final interpretation. A stratified reserve of 300 primary events was independently coded by two human annotators for domain and construction strength from sentence-plus-context views, followed by adjudication of disagreements. This exercise served two purposes: to evaluate whether the operational labels were recognizable to human readers and to identify recurring boundary cases. Because the reserve consists of detected candidates rather than unrestricted raw-text negatives, it is a construct/precision audit of domain assignment, not an estimator of exhaustive corpus recall. We therefore make no claim that the primary layer captures every epistemic, deontic, or commissive meaning in the speeches. The coder-level worksheet and adjudication record are retained with the replication materials.
The validation stage also motivated explicit stress tests for predictable edge cases. First-person future formulas such as I'll tell you, I'll never forget, we'll see, and the pipeline's fuzzy first-person will family can be weak proxies for future self-binding. A conservative commissive sensitivity removes these patterns. Similarly, deontic-looking routines such as I have to say/tell/ask and experiential got to see/know can differ from action obligation; a separate sensitivity removes those patterns. These checks do not replace human judgment, but they test whether the longitudinal conclusions depend on precisely the constructions most vulnerable to form-function slippage.
Table 2. Operational domains, illustrative constructions, and precision safeguards
	Domain
	Operational relation
	Illustrative primary constructions
	Safeguard

	Epistemic
	Commitment to the status or likelihood of a proposition
	might; maybe; perhaps; probably; likely; I think; I believe; I/we know; non-first-person predictive will
	Ambiguous may excluded; quotation/reported speech removed; context retained for validation

	Deontic
	Necessity or obligation directed toward action
	have to; got to; cannot allow
	must, should, ought to, need to excluded from primary automatic layer; metadiscourse stress test

	Commissive
	First-person or self/in-group orientation toward future action
	I/we will; I'll/we'll; I/we are going to/gonna; promise; pledge; vow; selected guarantee
	Narrow subset rather than full speech-act census; formulaic first-person future stress test


3.4 Statistical models
RQ1 is descriptive. For each period, the analysis reports events per 10,000 analysis-ready lexical tokens and each domain's share of the primary commitment inventory. RQ2 separates composition from absolute rate. For composition, event-level generalized estimating equations (GEE; Liang & Zeger, 1986) use binary domain membership as the outcome, speech ID as the clustering variable, an exchangeable working correlation, and period plus broad genre as predictors. The estimand is event-weighted composition: conditional on a detected commitment event, how do the odds of belonging to a domain change across periods? An unweighted speech-level fractional-logit sensitivity checks whether the same pattern appears when each speech contributes one compositional observation.
Absolute event counts are modeled with negative-binomial NB2 regression (Hilbe, 2011). The log of analysis-ready document token count enters as an offset, making exponentiated period coefficients incidence-rate ratios (IRRs). Models are estimated for all commitment events and separately for each domain, with period and genre as predictors and HC1 robust covariance. The rate model asks a different question from the GEE: how many events occur per unit of discourse, not how the detected inventory is internally composed.
RQ3 restricts the data to high-precision will instances. First-person I/we will patterns, including contracted and narrowly defined fuzzy patterns in the primary layer, are coded as commissive; other-subject will is coded as predictive. A speech-clustered binomial GEE models commissive versus predictive realization by period with genre adjustment. The conservative formula-exclusion sensitivity is then used to check whether the result depends on metadiscursive first-person futures.
RQ4 repeats composition and count-rate analyses within genre-matched subsets: rallies for P1/P3/P4 and formal addresses for P2/P5. RQ5 adds five robustness designs. First, NB covariance is clustered by calendar month. Second, each calendar month is removed in turn to assess leverage. Third, the longest 5% of speeches are excluded. Fourth, conservative construction filters remove formulaic commissive and deontic cases. Fifth, time is modeled continuously with a four-degree-of-freedom cubic B-spline. A separate lexical-content diagnostic adds five truncated-SVD dimensions derived from TF-IDF features after commitment markers are removed; the five dimensions account for 20.3% of TF-IDF variance. Because these dimensions can absorb both topic and legitimate discourse variation, this specification is treated as a sensitivity diagnostic rather than a preferred causal adjustment.
For multiple comparisons, the main composition and rate families are interpreted with Benjamini-Hochberg false-discovery-rate control (Benjamini & Hochberg, 1995), while effect sizes and 95% confidence intervals remain primary. The analyses reported in this revision were independently reproduced from the frozen event and metadata tables using Python 3.13.5, pandas 2.2.3, NumPy 2.3.5, SciPy 1.17.0, and statsmodels 0.14.6.
4. Results
4.1 Annotation yield and descriptive restructuring
The 156 speeches contain 843,837 analysis-ready lexical tokens and 12,325 primary commitment-construction events. Descriptive densities are reported in Table 3. Total primary-event density is highest in P1 at 193.5 events per 10,000 tokens and lower in each later period: 132.5 in P2, 121.7 in P3, 149.5 in P4, and 110.3 in P5. The sequence is not monotonic - P4 rebounds relative to P3 - which is one reason the paper avoids a simple linear 'decline in modality' narrative. The most pronounced domain-specific shift is commissive. P1 contains 93.4 commissive events per 10,000 tokens; the corresponding densities are 47.4 in P2, 43.6 in P3, 62.6 in P4, and 25.7 in P5. Epistemic density is lower than P1 in P3 and P4 and returns toward the P1 level in P5. Deontic density varies within a narrower band and reaches its descriptive maximum in P4 at 25.6 per 10,000 tokens.
These unequal rate changes reshape the composition of the restricted inventory. Commissives account for 48.3% of P1 events but only 23.3% of P5 events. Epistemics rise from 42.2% to 59.0% of the inventory, and deontics from 9.6% to 17.6%. Those percentages do not, by themselves, establish that later discourse contains more epistemic or deontic marking per token.
Table 3. Commitment-construction density and composition by period
	Period
	All n
	All /10k
	Epi n
	Epi /10k
	Epi share
	Deo n
	Deo /10k
	Deo share
	Com n
	Com /10k
	Com share

	P1
	3,428
	193.5
	1,445
	81.6
	42.2%
	328
	18.5
	9.6%
	1,655
	93.4
	48.3%

	P2
	833
	132.5
	435
	69.2
	52.2%
	100
	15.9
	12.0%
	298
	47.4
	35.8%

	P3
	1,869
	121.7
	838
	54.6
	44.8%
	362
	23.6
	19.4%
	669
	43.6
	35.8%

	P4
	4,686
	149.5
	1,921
	61.3
	41.0%
	803
	25.6
	17.1%
	1,962
	62.6
	41.9%

	P5
	1,509
	110.3
	891
	65.1
	59.0%
	266
	19.4
	17.6%
	352
	25.7
	23.3%


Note. Epi = epistemic; Deo = deontic; Com = commissive. Densities use all analysis-ready lexical tokens as the denominator; shares use all primary commitment events as the denominator.
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Figure 1. Aggregate high-precision event density by domain and descriptive period. The connected lines are descriptive summaries, not estimates of a continuous temporal process.
4.2 Genre-adjusted composition and absolute rates
The genre-adjusted GEE and NB models tell a consistent story for commissives and a more qualified story for the other domains (Table 4). Relative to P1, the odds that an already-detected commitment event is commissive are lower in every later period: P2 OR = 0.47, P3 = 0.54, P4 = 0.69, and P5 = 0.28. The corresponding absolute commissive rates are also lower: P2 IRR = 0.42, P3 = 0.37, P4 = 0.56, and P5 = 0.23. Thus, the compositional contraction is not merely a denominator artifact for commissives; fewer high-precision commissive constructions occur per token as well.
Epistemic and deontic results illustrate why both estimands are necessary. Epistemic share is higher in P2 and P5 than in P1, but the P1-P2 and P1-P5 absolute-rate contrasts are not reliably different from one after false-discovery control. Deontic share is higher in P3, P4, and P5, whereas absolute deontic density is reliably above P1 only in P4 in the primary specification. In other words, later inventories can be proportionally more epistemic or deontic without those resources becoming denser in the discourse as a whole.
An unweighted speech-level fractional-logit sensitivity produces the same compositional direction for commissives (P2 OR = 0.44, P3 = 0.53, P4 = 0.67, P5 = 0.25), indicating that the event-level GEE result is not created by a small number of event-rich speeches. The interpretation nevertheless remains different: the GEE describes the composition of events, whereas the sensitivity describes the average speech-level proportion.
Table 4. Period contrasts in composition (GEE OR) and absolute event rates (NB2 IRR), P1 reference
	Domain
	Contrast
	GEE OR [95% CI]
	q
	NB2 IRR [95% CI]
	q

	Epistemic
	P2
	1.76 [1.30, 2.39]
	<.001
	0.98 [0.78, 1.24]
	.874

	Epistemic
	P3
	1.15 [0.96, 1.38]
	.210
	0.61 [0.54, 0.70]
	<.001

	Epistemic
	P4
	1.01 [0.86, 1.18]
	.945
	0.72 [0.63, 0.81]
	<.001

	Epistemic
	P5
	2.23 [1.79, 2.79]
	<.001
	0.88 [0.74, 1.03]
	.179

	Deontic
	P2
	1.43 [0.84, 2.45]
	.280
	0.94 [0.66, 1.35]
	.749

	Deontic
	P3
	2.82 [1.71, 4.65]
	<.001
	1.44 [0.98, 2.12]
	.186

	Deontic
	P4
	2.32 [1.64, 3.30]
	<.001
	1.52 [1.18, 1.97]
	.007

	Deontic
	P5
	2.17 [1.43, 3.28]
	<.001
	1.15 [0.82, 1.61]
	.619

	Commissive
	P2
	0.47 [0.33, 0.66]
	<.001
	0.42 [0.31, 0.55]
	<.001

	Commissive
	P3
	0.54 [0.40, 0.71]
	<.001
	0.37 [0.31, 0.45]
	<.001

	Commissive
	P4
	0.69 [0.56, 0.85]
	<.001
	0.56 [0.47, 0.65]
	<.001

	Commissive
	P5
	0.28 [0.22, 0.36]
	<.001
	0.23 [0.19, 0.28]
	<.001


Note. ORs concern membership within the already-detected commitment inventory. IRRs concern events per lexical token. q values are Benjamini-Hochberg adjusted within the corresponding model families; effect estimates and confidence intervals are the main basis of interpretation.
4.3 Strict genre-matched comparisons
Genre matching reduces the number of cross-context assumptions. Among rallies, commissive rates are lower in P3 than P1 (IRR = 0.36, 95% CI [0.29, 0.46]) and lower in P4 than P1 (IRR = 0.52 [0.41, 0.66]). Epistemic rally rates are also lower in P3 and P4, while deontic rally rates are not reliably different. Among formal addresses, P5 again shows a lower commissive rate than P2 (IRR = 0.46 [0.32, 0.67]); epistemic and deontic rates do not differ reliably.
The compositional results point in the same direction for commissives. P5 formal addresses have lower odds of commissive membership than P2 formal addresses (OR = 0.45 [0.29, 0.71]) and higher odds of deontic membership (OR = 2.06 [1.14, 3.71]). These matched comparisons do not remove topic or historical differences, but they show that the commissive contrast is not generated solely by mixing rallies with institutional addresses.
Table 5. Strict genre-matched rate and composition sensitivity analyses
	Subset
	Contrast
	Domain
	Composition OR [95% CI]
	q
	Rate IRR [95% CI]
	q

	Rally
	P3 vs P1
	Epistemic
	1.22 [1.00, 1.48]
	.104
	0.60 [0.52, 0.71]
	<.001

	Rally
	P3 vs P1
	Deontic
	2.21 [1.21, 4.05]
	.019
	1.10 [0.74, 1.65]
	.632

	Rally
	P3 vs P1
	Commissive
	0.56 [0.39, 0.79]
	.002
	0.36 [0.29, 0.46]
	<.001

	Rally
	P4 vs P1
	Epistemic
	1.04 [0.85, 1.27]
	.728
	0.69 [0.58, 0.81]
	<.001

	Rally
	P4 vs P1
	Deontic
	2.03 [1.12, 3.67]
	.019
	1.27 [0.87, 1.86]
	.433

	Rally
	P4 vs P1
	Commissive
	0.69 [0.50, 0.96]
	.025
	0.52 [0.41, 0.66]
	<.001

	Formal
	P5 vs P2
	Epistemic
	1.56 [0.97, 2.51]
	.067
	0.95 [0.69, 1.31]
	.771

	Formal
	P5 vs P2
	Deontic
	2.06 [1.14, 3.71]
	.017
	1.36 [0.81, 2.29]
	.239

	Formal
	P5 vs P2
	Commissive
	0.45 [0.29, 0.71]
	<.001
	0.46 [0.32, 0.67]
	<.001


4.4 The form-function distribution of will
The observed first-person commissive share among high-precision will instances is 48.9% in P1, 53.4% in P2, 61.9% in P3, 65.0% in P4, and 46.2% in P5. After genre adjustment, P3 instances have greater odds of commissive rather than predictive realization than P1 (OR = 1.63, 95% CI [1.22, 2.18], q = .003), as do P4 instances (OR = 1.90 [1.57, 2.28], q < .001). P2 and P5 do not differ reliably from P1.
This result is not inconsistent with the decline in commissive density. The category-level question asks how often commissive constructions occur per token. The will analysis asks how a single surface form is distributed between two operational functions conditional on will occurring. P3 and P4 can therefore contain fewer commissives overall while the remaining will tokens are more concentrated in the first-person pattern. The distinction is precisely why raw counts of will are not sufficient for longitudinal interpretation.
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Figure 2. Observed first-person commissive share among high-precision will instances. Error bars are descriptive Wilson intervals; inferential comparisons use the speech-clustered, genre-adjusted GEE reported in the text.
4.5 Robustness to temporal dependence, influential speeches, and construction edge cases
The commissive result remains stable under several diagnostics that address different forms of dependence and measurement risk (Table 6). Replacing HC1 covariance with calendar-month clustered covariance leaves the point estimates unchanged and keeps all four later-period confidence intervals below one. A leave-one-calendar-month-out analysis across the 45 represented months produces narrow IRR ranges: 0.40-0.45 for P2, 0.35-0.47 for P3, 0.53-0.67 for P4, and 0.22-0.25 for P5. No single month therefore determines the direction of the broad-period result.
Long speeches also do not explain the pattern. Removing the longest 5% of documents leaves genre-adjusted commissive IRRs at 0.42 (P2), 0.38 (P3), 0.56 (P4), and 0.23 (P5). Because P3 and P4 contain unusually long rallies, this sensitivity is important: the result is not simply the consequence of a handful of event-rich rally transcripts.
The conservative commissive filter removes 195 events belonging to the fuzzy first-person will family or to selected metadiscursive/experiential first-person futures such as I/we will tell/say/ask/remind/admit/confess, I/we will never forget, and we will see. Under that stricter inventory, the later-period IRRs remain 0.39, 0.35, 0.54, and 0.21 for P2-P5. The central longitudinal contrast is therefore not carried by the most obvious formulaic first-person futures.
A parallel deontic stress test removes 183 metadiscursive or experiential have to/got to cases, including constructions such as I have to say/tell/ask and got to see/know/understand/remember. The P4 deontic rate remains above P1 but attenuates (IRR = 1.42, 95% CI [1.07, 1.87]); P3 is no longer reliably different. This supports a more cautious interpretation of the deontic findings than of the commissive findings.
Table 6. Robustness of genre-adjusted commissive rate contrasts
	Specification
	P2 vs P1 IRR
	P3 vs P1 IRR
	P4 vs P1 IRR
	P5 vs P1 IRR

	Primary NB2 + HC1
	0.42 [0.31, 0.55]
	0.37 [0.31, 0.45]
	0.56 [0.47, 0.65]
	0.23 [0.19, 0.28]

	Month-clustered covariance
	0.42 [0.32, 0.54]
	0.37 [0.29, 0.48]
	0.56 [0.46, 0.68]
	0.23 [0.19, 0.29]

	Longest 5% speeches removed
	0.42 [0.31, 0.55]
	0.38 [0.30, 0.48]
	0.56 [0.48, 0.66]
	0.23 [0.19, 0.28]

	Formulaic/fuzzy first-person futures removed
	0.39 [0.30, 0.52]
	0.35 [0.29, 0.44]
	0.54 [0.46, 0.64]
	0.21 [0.18, 0.26]

	+ five lexical-content PCs
	0.71 [0.50, 1.01]
	0.93 [0.62, 1.41]
	1.58 [1.10, 2.26]
	0.56 [0.40, 0.79]


Note. The lexical-content model is deliberately diagnostic, not a preferred estimate. Its instability for P3/P4 shows that broad period contrasts are partly content-dependent and should not be interpreted as topic-independent causal effects.
4.6 Continuous time and lexical-content sensitivity
The coarse period bins are not the only way to represent time. A cubic-spline negative-binomial model of commissive counts, with genre adjustment and document length as an offset, fits the data better than a genre-only model (likelihood-ratio chi-square = 87.08, df = 4, p < .001). Figure 3 shows speech-level density together with the fitted continuous-time curve for the public-remarks reference genre. The curve is not monotonic: it reflects a high early-campaign concentration, a lower middle interval, a partial resurgence around the second campaign, and another decline in the second-presidency sample. The continuous model therefore supports reconfiguration over time without implying a simple straight-line decay.
The strongest qualification comes from lexical-content adjustment. Adding five latent TF-IDF dimensions materially changes several period coefficients. For commissives, P3 moves toward the null and P4 changes direction in this specification, whereas P5 remains below P1. Deontic coefficients are also unstable. Because the latent dimensions can absorb discourse substance that is theoretically part of political language - not merely nuisance topic - they do not identify a cleaner causal period effect. They do, however, demonstrate that some broad-period coefficients are content-sensitive. For that reason, the paper's strongest claims rest on the descriptive, genre-adjusted, and strict genre-matched contrasts, while topic-independent causal language is avoided.
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Figure 3. Speech-level commissive density over calendar time with a genre-adjusted negative-binomial cubic-spline fit shown for PUBLIC_REMARKS at 10,000 tokens of exposure. The shaded band is the model-based 95% confidence interval.
4.7 What the categories look like in discourse
The numerical patterns are easier to interpret when the operational categories are returned to context. A prototypical commissive in P1 is We will protect those who protect us (12 September 2016): the subject includes the speaker's political in-group and the clause projects an action that an incoming administration can undertake. A prototypical deontic example is But to do that, we have to stop the Trans-Pacific Partnership (1 September 2016), where have to presents a policy action as necessary. A predictive epistemic example from P3 is the situation will only get worse (1 October 2022), where the future proposition is attributed to a non-first-person situation rather than to a speaker undertaking.
Boundary cases explain why a sensitivity layer is needed. I'll tell you what is future-marked but usually organizes discourse rather than committing a future policy act. We will be paying a very big price for this calamity is first-person plural and future-oriented, yet it can be read as prediction about a collective rather than volitional self-binding. Similarly, I have to say often functions metadiscursively rather than as an obligation to act. The primary layer deliberately remains a reproducible construction inventory; the conservative filters ask whether such edge cases determine the longitudinal result. They do not determine the commissive decline, but they matter more for interpreting deontic and fine-grained will results.
This distinction also prevents an easy psychological reading. A lower density of detected commissive constructions does not mean that the speaker became less sincere, less committed, or less action-oriented as a person. It means that, in the sampled speeches, explicit first-person future undertaking constructions occupy less discourse space than in the first-campaign sample. That is a linguistic distributional claim, not a diagnosis of motive.
5. Discussion
The clearest result is a selective contraction of explicit high-precision commissive constructions rather than a uniform decline in modality. P1 is unusually dense in first-person future undertakings, and every later broad period is lower in the primary rate model. The contrast is largest in P5, where commissive density is about one quarter of the P1 genre-adjusted rate. The same direction survives rally-only and formal-address-only comparisons, month clustering, removal of long speeches, and removal of formulaic first-person futures. That convergence is more persuasive than any single p value because the specifications fail in different ways: genre matching reduces contextual heterogeneity, month clustering relaxes speech-to-speech independence, long-document exclusion reduces leverage, and formulaic filtering attacks construct contamination.
The finding is consistent with the rhetorical work that prospective campaign discourse can do. First-campaign speech provides repeated occasions for explicit future self-binding: a candidate can present a program through We will constructions whose felicity depends on anticipated office. Political promises do not disappear after elections - Zalik and Baden (2025) show that promising is a routine representational practice - but the balance of future undertaking, institutional description, retrospective achievement, and prediction can change across the electoral cycle. The DTLPSC data fit that broader view: P1 is especially saturated with explicit commissive forms, later campaign periods partially recover them, and the second-presidency sample is less dense in the selected first-person undertaking constructions.
The rate/share distinction produces a second contribution. P5 is much more epistemic and deontic in proportional terms than P1, but those larger shares do not translate into broad increases in absolute density. The denominator has changed. Commissives contract enough that relatively persistent epistemic and deontic resources occupy more of the remaining inventory. This is a general corpus-linguistic problem: normalization against all tokens and normalization against a restricted functional set are not interchangeable because they answer different questions. Reporting both prevents a compositional shift from being misdescribed as a frequency increase. The will analysis adds a related form-function lesson. During P3 and P4, will is more likely to occur in the operational first-person commissive pattern relative to prediction, even though commissive constructions overall are less dense than in P1. A form can become more concentrated in one function while the broader function becomes less frequent. Coates's (1983) account of the prediction-volition range of will makes exactly this kind of distinction theoretically plausible. The conservative formula exclusion further shows that the main commissive-rate result does not depend on obvious discourse formulas, although the precise pragmatic interpretation of individual first-person futures remains context-sensitive.
The content sensitivity prevents a stronger causal story. Once latent lexical dimensions are added, several P3/P4 coefficients change markedly. That instability should not be hidden behind the robustness checks that favor the main finding. Instead, it marks the boundary of the study's claim. Period is a historically bundled variable: it carries topic, political role, campaign stage, audience, and event structure at once. Latent content controls are also imperfect because they can remove the very substantive discourse variation one wants to study. The defensible conclusion is therefore descriptive and conditional: the sampled periods differ in the distribution of commitment constructions, with especially consistent evidence for commissive contraction across comparable communicative genres, but the broad period coefficients are not topic-free causal effects. The sampling design carries the same caution. P3 contains only 12 speeches, 11 of them rallies, and the actual retained dates do not cover every nominal period uniformly. The study addresses this with genre matching, influence diagnostics, and transparent reporting of observed dates, but no statistical correction can manufacture missing discourse contexts. The corpus should therefore be understood as a protocol-defined longitudinal sample from a public archive, not a complete census of everything Trump said between 2015 and 2026.
Methodologically, the study illustrates a useful compromise between rule transparency and pragmatic richness. Deterministic rules are less flexible than unrestricted manual coding, but every detection can be traced to a construction family and reproduced. Human validation then tests whether the operational categories remain linguistically recognizable, while conservative exclusions expose the conclusions to adverse assumptions. This workflow is particularly appropriate when the research question is longitudinal: an opaque classifier whose calibration drifts across genres or years can create apparent change that is difficult to audit. A narrow and explicitly limited inventory may yield a smaller semantic claim, but it is easier to interrogate.
For computer-assisted language learning, the findings suggest a concrete concordance-based noticing task. An instructor could prepare a searchable keyword-in-context display from the attested passages in Section 4.7, with an option to expand each concordance line to its surrounding sentence or speech context. Learners would search will and have to, identify the grammatical subject and the proposed action, and provisionally classify instances as prediction, future undertaking, action obligation, or metadiscourse. They could contrast We will protect those who protect us (P1, 2016), an in-group undertaking, with the situation will only get worse (P3, 2022), a non-first-person prediction. They would then reconsider We will be paying a very big price for this calamity, where first-person plural will may still predict a consequence rather than promise an action, and I have to say, where apparent obligation can serve discourse management. Comparing their judgments with the study's operational labels and sensitivity exclusions would make the limits of automatic tagging observable. As a second digital-literacy step, learners could inspect Table 3 to explain why the higher epistemic share in P5 (59.0%, versus 42.2% in P1) does not represent a corresponding increase in epistemic events per 10,000 tokens (65.1 versus 81.6). Such a task connects contextual pragmatic interpretation with critical reading of corpus outputs. It is an instructional proposal grounded in one speaker's political discourse, not a tested classroom intervention; learner responses, feasibility, and learning effects were not measured.
Finally, the dependence structure matters. Corpus size is not synonymous with inferential sample size. The present data contain more than twelve thousand events but only 156 speeches, all by one person. Speech-clustered GEE and document-level count models avoid treating repeated events within a rally as independent documents, and month-based sensitivities probe another layer of dependence. This follows a broader corpus-statistical argument that hierarchical and unbalanced data require models that reflect their structure rather than defaulting to token-level independence (Gries, 2015). The result is not perfect independence, but a more defensible statement of what the data can support.
6. Conclusion
Across 156 speeches and 843,837 analysis-ready lexical tokens, the most stable longitudinal change in the DTLPSC is not a generalized rise or fall in all commitment-related language. It is the changing place of explicit first-person commissive constructions within the discourse. Their density is substantially lower after the first-campaign period, including in strict rally and formal-address comparisons. At the same time, the internal function of will changes in P3 and P4, where high-precision instances are more likely to fall in the first-person pattern relative to prediction. The two findings coexist because category frequency and form-function distribution are different dimensions of language use.
The methodological lesson is broader than this case. Longitudinal political-language analysis becomes more defensible when it separates form from function, relative share from absolute rate, and event counts from independent discourse units. It also becomes more credible when unfavorable sensitivities are reported rather than optimized away. Here, temporal and constructional stress tests strengthen the evidence for commissive contraction, while lexical-content adjustment limits any claim of a topic-independent period effect. The resulting account is narrower than a simple story about 'more' or 'less' modality, but it is also better calibrated to what the corpus can actually show.
For VietCALL readers, the practical extension is a proposed digital concordance task in which learners test predictions against undertakings in context, question automatic modal labels, and distinguish corpus percentages from token-normalized rates. Its pedagogical value remains a hypothesis for future classroom study; this research collected no learner data and did not evaluate learning outcomes.
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