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Generative artificial intelligence (GenAI) is rapidly transforming second-language 
academic writing, but its association with authorship and authorial voice remains 
insufficiently understood. This explanatory sequential mixed-methods study examined 
whether editorial use, dialogic use, and generative delegation were differentially 
associated with authorial voice among 92 university ESL learners in Southern Punjab, 

Pakistan. Quantitative evidence comprised survey measures, one argumentative essay 
per participant, corpus-based linguistic indicators, and independent ratings using an 
analytic voice rubric; qualitative explanation was provided by interviews with 14 
purposively selected participants. Generative delegation was negatively correlated with 
self-perceived authorial voice (r = -.45, p < .001) and rubric-scored textual voice (r = -
.44, p < .001), whereas dialogic use was positively correlated with self-perceived voice 
and editorial use was not significantly related to either voice outcome. The final 
regression model accounted for 52.0% of the variance in self-perceived voice; writer 
agency had the largest standardized coefficient. The reported mediation analysis 
indicated that agency accounted for 43.6% of the association between delegation and 
self-perceived voice, whereas the delegation-by-AI-literacy interaction was not 

statistically significant. Greater delegation was also associated with fewer self-mentions 
and hedges, but with more boosters, longer sentences, and greater lexical diversity. 
Interviews generated four themes: outsourcing the difficult middle, the fluency-
ownership trade-off, the disappearing draft, and voice as risk management. They 
nevertheless suggest that pedagogical guidance should distinguish assistance that 
supports writers' decisions from delegation that replaces core composing decisions. 

1. Introduction 

Within three years of the public release of ChatGPT, generative artificial intelligence has moved from novelty to infrastructure 

in university writing. Surveys across very different higher-education systems now report majority adoption among students, 
with the tools used at every stage of composition from idea generation to final proofreading (Almassaad et al., 2024; Abbas et 
al., 2024). In second-language contexts, the uptake has been even faster, because the tools appear to solve precisely the problem 
that has historically consumed most of an ESL writer's attention: producing grammatically acceptable, idiomatically plausible 
academic English (Barrot, 2023; Warschauer et al., 2023). Early empirical work was accordingly framed around benefits. 
Studies have reported gains in grammatical accuracy, lexical range, cohesion, and organization, together with reductions in 
writing anxiety and increases in engagement (Su et al., 2023; Yan, 2023; Song & Song, 2023; Hongxia & Razali, 2025). A second 
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literature has grown alongside the first and asks a different question. If the fluent surface of a student text no longer indexes 
the student's own developing control of English, what exactly is being assessed, and what is being learned? Concerns about 
dependency, integrity, and the concealment of weak reasoning behind polished language have been raised repeatedly (Perkins, 
2023; Kasneci et al., 2023; Lee et al., 2025). Among these concerns, one is peculiarly resistant to the usual remedies of detection 
software and honor codes, because it does not involve deception at all. A student may declare their use of GenAI, comply fully 
with institutional policy, and still hand in a text in which nothing sounds like them. This is the problem of authorial voice. 

1.1. Statement of the Problem 

Authorial voice has been theorized in applied linguistics for three decades as the discursively constructed presence of a writer 
in a text, realized through self-mention, stance, evaluation, hedging, and the management of alignment with a reader (Ivanic, 
1998; Hyland, 2005, 2008; Matsuda, 2001; Tardy, 2012). It is not decoration. Voice is how an academic writer signals what they 
are committed to, how strongly, and against which alternatives, and it is one of the things that distinguishes a novice text that 
reports from an expert text that argues. For multilingual learners, developing voice is also identity work, since it involves 
finding a position from which to speak inside a discourse community that was not built around them (Ivanic & Camps, 2001; 
Canagarajah, 2015). Recent comparative studies indicate that large language models produce text with a systematically different 

voice profile from student text: more assertive, more collective or more impersonally expert, less locally evaluative, and stripped 
of the small hesitations and idiosyncrasies that mark a developing writer (Amirjalili et al., 2024; Al Hosni, 2025). If ESL learners 
increasingly submit text that has passed through such a model, the voice profile of their writing may converge on the model's 
rather than developing towards their own. What is missing from the literature is empirical evidence, at the level of the individual 
writer, connecting how a student uses GenAI to what happens to voice in the text they submit and to how they experience their 
own authorship. Almost all existing evidence is either textual, comparing AI essays with human essays produced independently, 
or attitudinal, surveying perceptions without examining any writing. The two have rarely been joined. 

1.2. Purpose and Objectives 

This study joins them. It treats GenAI use not as a single quantity but as three functionally distinct modes: editorial use, in 
which the tool corrects and polishes text the writer has already produced; dialogic use, in which the tool is used to think with, 
for brainstorming, counterargument, feedback, or explanation; and generative delegation, in which the tool produces the prose 
that will be submitted, with the writer editing afterwards. The objectives were: to establish which modes of GenAI use predict 
self-perceived authorial voice and rubric-measured textual voice among Pakistani university ESL learners; to test whether 
writer agency, that is, the sense of owning and controlling one's own text, mediates the relationship between generative 

delegation and voice; to test whether AI literacy moderates, and thereby buffers, that relationship; to describe how the linguistic 
markers conventionally used to operationalize voice differ across levels of delegation and to explain the quantitative pattern 
through participants' own accounts of how they write with these tools. 

1.3. Research Questions 

Five research questions were addressed. RQ1: How intensively, and in which modes, do Pakistani university ESL learners use 
GenAI in academic writing? RQ2: How are editorial use, dialogic use, and generative delegation related to self-perceived 
authorial voice, textual voice intensity, perceived voice loss, and writer agency? RQ3: Does writer agency statistically mediate 
the association between generative delegation and self-perceived authorial voice? RQ4: Does AI literacy moderate the 
association between generative delegation and self-perceived authorial voice? RQ5: How do learners explain changes in the 
ownership and perceived sound of their writing when using GenAI? 

2. Literature Review 

2.1. Conceptualizing Authorial Voice 

Voice entered composition studies as an expressivist idea, the authentic individual sounding through the prose (Elbow, 1994). 
Applied linguistics recast it as social and discursive. Ivanic (1998) distinguished the autobiographical self, the discoursal self-
constructed in the text, and the self as author, the degree to which a writer claims authority for their own propositions. Hyland 
(2005, 2008) supplied the analytic apparatus, describing voice as the interaction of stance, comprising hedges, boosters, 
attitude markers, and self-mention, with engagement, the moves by which a writer positions a reader. Matsuda (2001) reframed 
voice as the reader's impression created by an accumulation of discursive choices, which made it measurable without recourse 
to authorial intention. Zhao (2013) operationalized it for L2 assessment in an analytic rubric with three dimensions: presence 
and clarity of ideas, strength of the authorial voice in the argument, and the writer-reader relationship. Two features of this 
tradition matter for the present study. First, voice is realized through countable surface features, which means that a change in 
voice leaves textual traces. Second, voice for L2 learners is developmental and effortful. It is acquired late, it costs more 
cognitively than propositional accuracy, and it is the first thing to disappear under pressure (Zhao & Llosa, 2008; Stapleton, 

2002). Anything that removes the pressure by removing the composing itself is therefore likely to remove voice too. 
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2.2. Generative AI in L2 Writing 

The empirical literature on GenAI in L2 writing has expanded rapidly and is now large enough to support syntheses (Frontiers 
synthesis of 2023 to 2025 evidence; Al Hosni, 2025). The consistent findings are that GenAI improves the formal properties of 
student texts, that it functions well as an on-demand feedback provider, and that students value it most for the very features 
they find hardest, namely lexical choice, cohesion, and organization (Chen et al., 2024; Dong, 2025; Alkamel & Alwagieh, 2024). 
Experimental and quasi-experimental designs report gains in writing performance and self-efficacy (Kiziltas, 2025; Franjic & 
Bozinovski, 2025), although effects vary with proficiency, with lower-proficiency learners generally benefiting more. Counter-

evidence concerns the process rather than the product. Studies on how students work with these tools find rapid uptake of 
suggestions without evaluation, reduced revision effort, and self-reported declines in cognitive effort (Levine et al., 2025; Lee 
et al., 2025). Learners themselves report awareness of over-reliance and an intention to reduce it, which suggests that the 
problem is perceived from inside as well as diagnosed from outside. Alzubi et al. (2025) found that generative tools can either 
suppress or nurture creativity depending on how their use is structured, which points towards mode of use rather than amount 
of use as the operative variable, a position the present study adopts directly. 

2.3. Voice, Authorship and Machine Text 

A smaller body of literature compares the voice profiles of AI-generated and human-authored academic texts. Amirjalili et al. 
(2024) compared a student essay with a ChatGPT essay on the same prompt and found the machine text formally competent 
but weak in self-identification and authorial presence. Comparative rubric-based analyses of larger essay sets report that 
student essays are dominated by one voice type while AI generators favor another, and that AI essays exhibit an elusive textual 
identity that resists attribution. Al Hosni's (2025) thematic review of eighteen studies concluded that AI-generated academic 
prose is grammatically polished and structurally coherent but lacks emotional nuance, rhetorical subtlety, and the distinctive 
markers that constitute a linguistic fingerprint, and that this poses a particular threat in ESL settings. Two limitations run 

through this work. It compares texts rather than learners, so it cannot say what happens to a given writer's voice as their use 
changes; and it typically compares fully AI-generated with fully human text, whereas real student writing is a hybrid produced 
by iterative prompting and editing. The present study addresses both by measuring use, self-perception, and text within the 
same individuals. 

2.4. Writer Agency and Textual Ownership 

Agency in writing research denotes the writer's experienced capacity to make and own compositional choices. It is closely tied 
to authorship beliefs and to the willingness to take a position, and it is the psychological correlate of the self-as-author 
dimension of voice (Ivanic, 1998). When a text is produced by another party and then adopted, ownership becomes ambiguous 
even when authorship is formally retained, a condition described in the GenAI literature as authorial ambiguity and as a source 
of cognitive dissonance for the writer (Seran et al., 2025; Ryan et al., 2025). Duah-type accounts of blurred authorial identity 
converge on the same point. Agency is therefore the natural candidate mediator: delegation does not act on voice directly, but 
rather dissolves the sense of authorship from which voice is written. 

2.5. AI Literacy as a Possible Buffer 

If uncritical adoption is the mechanism of harm, then critical evaluative capacity should be the remedy. AI literacy, understood 
as the ability to judge, verify, and selectively resist model output, has been proposed as the central pedagogical response 
(UNESCO, 2023; Kohnke et al., 2023). Alghamdi (2025) found that self-efficacy and disciplinary background shaped whether 
students perceived GenAI as supporting or replacing their thinking. Whether AI literacy actually attenuates the effect of 
delegation on voice, as opposed to simply raising voice on average, is an open empirical question, and this study tests it as a 

moderation hypothesis. 

2.6. The Pakistani Higher-Education Context 

To date, Pakistani studies have been dominated by perception surveys and technology acceptance models. Rashid et al. (2025) 
documented the knowledge, use, and perceived impact of AI on academic writing among Pakistani students, reporting broad 

use alongside limited critical training. Anwer et al. (2025) found strong positive associations between trust in ChatGPT and 
perceived improvement in clarity, vocabulary, and organization in a Pakistani ESL sample. Alghazo et al. (2025) examined the 
integrity and ethical challenges from Pakistani students' perspectives. However, none of these studies examined students' 
writing. The infrastructural picture matters too: uneven connectivity, large classes, limited writing center provision, and 
assessment regimes that reward formal correctness combine to make delegation both attractive and low risk. 
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3. Methodology  

3.1. Research Design 

An explanatory sequential mixed-methods design was used (Creswell & Plano Clark, 2018). Phase one combined a cross-
sectional survey with a text-analytic study of the same participants' argumentative essays. Phase two used semi-structured 
interviews with a purposive subsample selected from the extremes of the delegation distribution to explain the quantitative 
results rather than merely supplement them. Priority was given to the quantitative results, with qualitative data used for 
explanation and integration at the interpretation stage through a joint display. 

3.2. Setting and Participants 

The participants were 92 ESL learners enrolled in English, social science, and STEM programmes at three public-sector 
universities in Southern Punjab, Pakistan. All were second-language users of English studying through English-medium 
instruction at university. Convenience sampling with quota targets for level of study yielded 44 men and 48 women: 41 BS, 32 
MPhil/MS, and 19 PhD students; 37 studied humanities/English, 28 social sciences, and 27 STEM disciplines. Mean age was 
23.19 years (SD = 3.10; range = 18-32), and mean duration of formal English instruction was 13.66 years (SD = 2.33). Fifty-one 
participants had attended English-medium schools and 41 had attended Urdu- or regional-language-medium schools. Inclusion 
required at least one semester of coursework involving written assignments and self-reported use of at least one GenAI tool 

during the preceding six months. Of 108 students approached, 92 provided usable survey and essay data (response rate = 
85.2%). A sensitivity analysis for a regression with 10 predictors, alpha = .05, N = 92, and 80% power indicated a minimum 
detectable effect of approximately f2 = .20; therefore, smaller unique effects may have gone undetected. 

3.3. Instruments 

A composite questionnaire was assembled. Part A collected demographic and background information, including tools used, 
frequency of use, and assignment types. Part B contained eight scales rated from 1 (strongly disagree) to 5 (strongly agree): 
Editorial Use (6 items), Dialogic Use (6 items), Generative Delegation (7 items), AI Literacy (8 items), Writing Self-Efficacy (8 
items), Writer Agency (8 items), Self-Perceived Authorial Voice (10 items), and Perceived Voice Loss (6 items). Writing Self-
Efficacy was developed in accordance with Bandura's (2006) scale-construction guidance, and the authorial-voice items were 
aligned with Zhao's (2013) rubric dimensions. The three use-mode scales and Perceived Voice Loss were developed for this 
study because an established instrument separating GenAI use by function was not identified. Three applied linguists reviewed 
the item pool, and pilot testing informed revision; item-level content validity indices exceeded .80 for all retained items. 
Complete items, scoring instructions, pilot-sample characteristics, and evidence for the scales' dimensionality should be 
supplied in an appendix or supplementary file before submission. 

3.4. Essay Corpus and Voice Rubric 

Each participant submitted one argumentative essay of 700-1,000 words written for a course assignment during the same 
semester and granted permission for its analysis. Two trained raters independently scored each essay using an analytic voice 
rubric adapted from Zhao (2013), producing a Textual Voice Intensity score from 1 to 4 across three dimensions. Inter-rater 

reliability for the composite was ICC = .84 using a two-way random-effects model; the manuscript should specify whether 
absolute agreement or consistency and whether the reported coefficient refers to single or average measures. Disagreements 
greater than one scale point were resolved through discussion after the independent ratings. Each essay was also analyzed for 
six linguistic measures: first-person self-mentions, hedges, boosters, and attitude markers per 1,000 words; type-token ratio; 
and mean sentence length. Marker lists followed Hyland (2005), and every automated hit was manually checked to exclude 
non-stance uses. The tokenizer, software/version, lexical-diversity preprocessing, and full marker lists should be reported in a 
reproducible supplement before submission. 

3.5. Interview Protocol 

Fourteen participants were interviewed; seven were drawn from the top and seven from the bottom tertile of the delegation 
distribution, with levels of study and gender balanced as far as possible. Interviews lasted 32 to 55 minutes, were conducted in 
a mixture of English and Urdu according to participant preference, audio-recorded with consent, transcribed and, where 
necessary, translated with back-translation checks. The protocol covered a walkthrough of the most recent assignment, points 
at which the tool was consulted, the experience of editing model output, feelings of ownership, and perceptions of how their 
writing sounded. 

3.6. Procedure 

Data were collected during one academic semester. After departmental permission, potential participants received an 
information sheet and completed electronic informed consent before accessing the online questionnaire. Participants uploaded 
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their own essays through the same form, and survey and essay data were linked using anonymized codes. Preliminary survey 
analysis was completed before interview sampling; interviews were conducted approximately four weeks later so that 
participants could be selected from the upper and lower tertiles of the delegation distribution. 

3.7. Data Analysis 

Quantitative analysis comprised data screening, internal-consistency estimation, descriptive statistics, zero-order Pearson 
correlations, independent-samples t tests, one-way ANOVA with Tukey HSD where applicable, three-block hierarchical multiple 
regression, bootstrap mediation with 5,000 resamples, and moderated regression using mean-centered predictors and an 
interaction term (Preacher & Hayes, 2008; Hayes, 2022). Regression diagnostics included variance inflation factors, the Durbin-
Watson statistic, and visual inspection of residual plots. Harman's single-factor test was reported as a limited diagnostic for 
common-method variance (Podsakoff et al., 2003), but it does not rule out common-method bias. The authors should report 
the statistical software and version, missing-data handling, outlier criteria, assumption-test results, exact confidence-interval 
method, coding of categorical predictors, and complete coefficients with 95% confidence intervals. Interview data were 
analyzed using a structured codebook thematic approach: two coders double-coded 20% of transcripts, discussed 
disagreements, and refined the codebook (kappa = .81). Quantitative and qualitative findings were integrated at interpretation 

through comparison of convergence, complementarity, and divergence. 

Table 1: Demographic and Background Characteristics of Participants  

Characteristic Category n % 

Gender Male 44 47.8 
 Female 48 52.2 
Level of study BS (undergraduate) 41 44.6 
 MPhil / MS 32 34.8 
 PhD 19 20.7 
Discipline Humanities / English 37 40.2 
 Social sciences 28 30.4 
 STEM 27 29.3 
Medium of prior schooling English medium 51 55.4 

 Urdu / regional medium 41 44.6 
Age (years) M = 23.19, SD = 3.10 - - 
Years of English instruction M = 13.66, SD = 2.33 - - 

Note. Percentages are rounded and may not total 100. Age range: 18 to 32 years. 

Table 2: Instruments, Item Numbers and Internal Consistency 

Scale k Cronbach's a 

Editorial use 6 .859 
Dialogic use 6 .861 
Generative delegation 7 .894 

AI literacy 8 .903 
Writing self-efficacy 8 .885 
Writer agency 8 .899 
Authorial voice (self-perceived) 10 .914 
Perceived voice loss 6 .876 

Note. k = number of items. All items rated 1 to 5. Textual Voice Intensity was rater-scored, not a self-report scale; its inter-rater 

ICC was .84. 

4. Results 

4.1. Participant Characteristics 

All 92 cases contributed survey and essay data. The sample comprised 44 men and 48 women across BS, MPhil/MS, and PhD 
levels; full demographic characteristics are shown in Table 1. The manuscript should state explicitly whether item-level data 
were complete and, if not, how missing responses were handled. 
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4.2. Reliability and Descriptive Statistics  

Internal consistency was good to excellent for the eight self-report scales, with Cronbach's alpha ranging from .859 to .914 
(Table 2). Descriptive statistics are presented in Table 3. Editorial use was the most frequently reported mode (M = 3.92, SD = 
0.58), followed by dialogic use (M = 3.28, SD = 0.70) and generative delegation (M = 3.05, SD = 0.82). Forty participants 
(43.5%) scored at or above 3.5 on the delegation scale, indicating relatively frequent endorsement of delegation items; this 
threshold was descriptive and was not a validated clinical or behavioral cut-off. Self-perceived authorial voice (M = 3.29, SD = 
0.63) and writer agency (M = 3.36, SD = 0.66) were near the midpoint-to-upper range. Rubric-scored textual voice averaged 

2.61 (SD = 0.58) on the four-point scale, and perceived voice loss averaged 3.12 (SD = 0.74). Interpretive labels such as low, 
moderate, or high should be used only if prespecified and validated cut-points are available. 

Table 3: Descriptive Statistics for Study Variables  

Variable M SD Min Max Skewness Kurtosis 

Editorial use 3.92 0.58 2.25 5.00 -.05 .07 
Dialogic use 3.28 0.70 1.48 5.00 .20 -.11 
Generative delegation 3.05 0.82 1.00 5.00 -.14 -.28 
AI literacy 3.31 0.66 1.81 4.83 .08 -.26 
Writing self-efficacy 3.41 0.63 1.71 4.85 -.18 -.15 
Writer agency 3.36 0.66 1.93 4.92 .09 -.44 
Authorial voice (self-perceived) 3.29 0.63 1.68 5.00 .14 .56 
Perceived voice loss 3.12 0.74 1.45 4.76 -.05 -.69 

Textual voice intensity (1-4) 2.61 0.58 1.17 3.91 -.23 -.19 

Note. All scales scored 1 to 5, except textual voice intensity, which was rater-scored 1 to 4. 

Table 4: Linguistic Voice Markers in the Essay Corpus  

Measure M SD Min Max 

First-person self-mention / 1000 words 9.83 3.26 0.50 16.81 
Hedges / 1000 words 14.40 3.65 5.01 23.25 
Boosters / 1000 words 8.09 3.11 1.52 15.05 
Attitude markers / 1000 words 6.22 2.74 0.50 14.20 

Type-token ratio 0.412 0.021 0.366 0.451 
Mean sentence length (words) 21.70 2.95 14.97 28.64 

Note. The stance categories follow Hyland (2005). All automatic hits were manually verified. 

Reported tool use was concentrated: ChatGPT was used by 78.3 percent of participants, QuillBot by 55.4 percent, Grammarly 
by 47.8 percent, Gemini by 39.1 percent, Copilot by 21.7 percent, and DeepSeek by 18.5 percent, with most participants using 
more than one. Corpus measures across the 92 essays (Table 4) were: self-mention 9.83 per 1000 words (SD = 3.26), hedges 
14.40 (SD = 3.65), boosters 8.09 (SD = 3.11), attitude markers 6.22 (SD = 2.74), type-token ratio .412 (SD = .021) and mean 
sentence length 21.70 words (SD = 2.95). 

4.3. Correlations 

Zero-order correlations are reported in Table 5. Editorial use was not significantly correlated with self-perceived voice (r = -
.02, p = .843), textual voice (r = -.08, p = .440), or agency (r = -.07, p = .500). Dialogic use was positively correlated with self-
perceived voice (r = .39, p < .001), textual voice (r = .23, p = .029), agency (r = .25, p = .016), and AI literacy (r = .37, p < .001). 
Generative delegation was negatively correlated with self-perceived voice (r = -.45, p < .001), textual voice (r = -.44, p < .001), 
agency (r = -.40, p < .001), and AI literacy (r = -.22, p = .034), and positively correlated with perceived voice loss (r = .48, p < 
.001). These bivariate associations address RQ2 but do not establish directional effects. 

Table 5: Zero-Order Pearson Correlations Among Study Variables   

Variable 1 2 3 4 5 6 7 8 9 

1. Editorial use -         
2. Dialogic use .02 -        

3. Delegation .24* -.16 -       
4. AI literacy -.04 .37*** -.22* -      
5. Self-efficacy .02 .31** -.15 .20 -     
6. Writer agency -.07 .25* -.40*** .25* .40*** -    
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7. Voice (self) -.02 .39*** -.45*** .44*** .40*** .56*** -   
8. Voice loss .14 -.07 .48*** -.03 -.16 -.46*** -.38*** -  
9. Textual voice -.08 .23* -.44*** .21* .30** .49*** .69*** -.29** - 

Note. * p < .05. ** p < .01. *** p < .001. Delegation also correlated with self-mention (r = -.76), hedges (r = -.58), and boosters 
(r = .55), all p < .001. 

Delegation was also correlated with self-mention (r = -.76), hedges (r = -.58), and boosters (r = .55), all p < .001. These strong 
associations indicate covariation between reported delegation and selected linguistic features at the sample level; they should 
not be interpreted as prediction, causation, or an individual-level AI-detection rule. Editorial use was modestly correlated with 
delegation (r = .24, p = .021), suggesting that the two behaviors can co-occur while remaining empirically distinct. 

4.4. Group differences 

No statistically significant gender difference was detected for any listed variable (all p > .51; |d| <= 0.14; Table 6). Participants 
with English-medium schooling reported higher AI literacy than those with Urdu- or regional-language-medium schooling (M 
= 3.45 vs. 3.14), t(90) = -2.29, p = .024, d = -0.48; the sign reflects the group-order coding in Table 6. The writing self-efficacy 
comparison was not statistically significant (p = .078). Neither delegation nor either voice measure differed significantly by 
prior medium of schooling. Because multiple unadjusted comparisons were performed, the isolated p = .024 result should be 
interpreted cautiously and accompanied by confidence intervals in the final table. 

Table 6: Independent-Samples t Tests by Gender and by Medium of Prior Schooling 

Variable Male M Female M t d Urdu M English M t d 

Editorial use 3.91 3.93 -0.14 -.03 3.94 3.91 0.21 .04 
Dialogic use 3.28 3.28 0.02 .01 3.23 3.32 -0.62 -.13 
Generative delegation 3.11 3.00 0.65 .14 3.08 3.03 0.30 .06 
AI literacy 3.29 3.32 -0.23 -.05 3.14 3.45 -2.29* -.48 
Writing self-efficacy 3.43 3.39 0.27 .06 3.28 3.51 -1.79 -.37 
Writer agency 3.33 3.38 -0.36 -.08 3.31 3.40 -0.68 -.14 
Authorial voice 3.26 3.31 -0.44 -.09 3.23 3.33 -0.80 -.17 
Perceived voice loss 3.08 3.15 -0.45 -.09 3.13 3.11 0.08 .02 
Textual voice 2.60 2.62 -0.16 -.03 2.66 2.57 0.74 .16 

Note. df = 90 for all tests. d = Cohen's d. * p < .05. No significant gender comparison was found. AI literacy differed by medium 
of prior schooling, t(90) = -2.29, p = .024. 

4.5. Predicting Self-Perceived Authorial Voice   

Table 7: Hierarchical Multiple Regression Predicting Self-Perceived Authorial Voice  

Predictor (standardized beta) Model 1 Model 2 Model 3 

Gender .08 .04 .03 

Level of study .23* .17 .17 
Years of English .07 .03 -.05 
Medium of schooling .08 .06 -.00 
Editorial use - .06 .05 
Dialogic use - .30** .14 
Generative delegation - -.41*** -.24** 
AI literacy - - .15 
Writing self-efficacy - - .16 
Writer agency - - .35*** 
R2 .067 .345 .520 
Adjusted R2 .024 .290 .461 

Delta R2 - .277*** .175*** 
F 1.57 6.31*** 8.77*** 

Note. * p < .05. ** p < .01. *** p < .001. Model 1 df = (4, 87); Model 2 df = (7, 84); Model 3 df = (10, 81). Delta R2 for Model 2, 
F(3, 84) = 11.86, p < .001; for Model 3, F(3, 81) = 9.86, p < .001. VIF ranged from 1.07 to 1.42, and Durbin-Watson was 2.16. 

Hierarchical regression results appear in Table 7. Block 1, containing demographic controls, was not significant, R2 = .067, F(4, 
87) = 1.57, p = .191. Adding the three use modes in Block 2 increased explained variance by Delta R2 = .278, F-change(3, 84) = 
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11.86, p < .001; delegation (beta = -.406, p < .001) and dialogic use (beta = .298, p = .001) were significant, whereas editorial 
use was not (beta = .057, p = .534). Adding AI literacy, self-efficacy, and agency in Block 3 increased explained variance by Delta 
R2 = .175, F-change(3, 81) = 9.86, p < .001. The final model explained 52.0% of the variance, F(10, 81) = 8.77, p < .001, adjusted 
R2 = .461. In the final model, writer agency had the largest standardized coefficient (beta = .350, p < .001), and delegation 
remained negatively associated with self-perceived voice (beta = -.241, p = .007). Dialogic use (beta = .139, p = .111), AI literacy 
(beta = .148, p = .128), and self-efficacy (beta = .161, p = .078) did not make statistically significant unique contributions. Their 
attenuation does not, by itself, demonstrate mediation. Unstandardized coefficients, standard errors, 95% confidence intervals, 
predictor coding, and the full assumption checks should be added to Table 7 before submission. 

4.6. Mediation and Moderation Analyses 

The manuscript reports that writer agency statistically accounted for 43.6% of the association between generative delegation 
and self-perceived authorial voice and that the delegation-by-AI-literacy interaction was not statistically significant. However, 
the present file does not provide the a, b, c, and c-prime paths, bootstrap indirect effect and 95% confidence interval, total 
effect, interaction coefficient, standard error, confidence interval, change in R2, or conditional effects. These values must be 
copied from the verified analysis output and reported before the mediation and moderation conclusions can be independently 

evaluated. No numerical values should be reconstructed or invented. 

4.7. Corpus Associations 

The corpus results were association-based. Delegation correlated negatively with self-mention and hedging and positively with 

boosting (Table 5 note). If group-based claims about longer sentences or greater lexical diversity are retained in the abstract, 
discussion, or conclusion, the corresponding coefficients or prespecified group comparisons, uncertainty intervals, and p values 
must be added to the Results section. 

4.8. Qualitative Findings 

Four themes were developed from the 14 interviews. The manuscript should add a compact joint display reporting each theme, 
its analytic meaning, the number of participants contributing to it where frequency is relevant, one anonymized illustrative 
quotation, and the quantitative result that it helps explain. Participant counts should not be treated as prevalence estimates in 
this purposively selected qualitative subsample. 

4.8.1. Outsourcing the difficult middle 

High-delegation participants described a consistent division of labor. They chose the topic, knew broadly what they wanted to 
argue, and edited the result. They handed over the middle: turning a position into paragraphs. One MPhil participant described 
knowing exactly what she wanted to say and using the tool because getting it into acceptable English took hours, she did not 
have. This is significant theoretically, because the stage being outsourced is Flower and Hayes's (1981) translation stage, where 
stance is encoded. Participants did not experience this as cheating, and several were explicit that the ideas remained theirs. The 
loss they were unaware of was not of content but of the encoding of position. 

4.8.2. The fluency-ownership trade-off 

Participants across both tertiles articulated a trade-off in almost identical terms: the text improved and their claim on it 
weakened. Several described reading their submitted work back and finding it correct but foreign, or recognizing the argument 
as theirs while the sentences were not. Low-delegation participants described the inverse, defending prose they knew to be 
clumsier because it was theirs. The trade was consciously made, and, importantly, most participants judged it worth making 
under assessment conditions that reward correctness.   

4.8.3. The disappearing draft 

Nine of the fourteen participants described a striking structural change: the messy first draft stopped existing. Writing once 
began with a rough attempt that was then revised; it now begins with fluent generated prose that is edited down. Participants 
described losing the experience of not knowing what they thought until they had written it poorly first. Since voice in the L2 
development literature emerges through the iterative revision of one's own inadequate text, the disappearance of the inadequate 

text removes the site where the voice was learned. This theme explains why the delegation effect is unrelated to the level of 
study: the mechanism is procedural, not developmental, and applies equally to a doctoral candidate. 

4.8.4. Voice as risk management 

The fourth theme was unexpected and inverts the standard framing. Several participants described deliberately removing 
personal markers from their writing because detection tools, supervisors, and departmental conventions treat first-person 
expression and hedged qualification as unprofessional or symptoms of AI use. One PhD participant reported being told to 



M.A.Khan & M. Akram              Journal of Language, Literature & Social Affairs | 2(8), 186-197, 2026 

 

 194 

remove first-person constructions entirely; another said that anything that sounds like a person invites suspicion. Voice 
suppression here is a rational response to an assessment environment, not a side effect of tool use. Any intervention that ignores 
this will fail, because it will ask students to take a risk that their institutions currently punish. 

5. Discussion 

The headline finding is that the three modes of GenAI use behave as three different variables. Editorial use showed no 
relationship with any voice outcome, dialogic use showed positive relationships, and generative delegation showed strong 
negative relationships with both self-perceived and rubric-measured voice. Studies that treat GenAI use as a single quantity are 
therefore averaging over effects that run in opposite directions, which may explain some of the inconsistency in the existing 
literature, where positive findings for writing quality (Su et al., 2023; Yan, 2023) sit alongside concerns about dependency and 
authorship (Perkins, 2023; Lee et al., 2025). Both can be true because they describe different behaviors. This finding aligns with 
Alzubi et al. (2025), who found that generative tools either suppress or nurture creativity depending on how their use is 
structured, and convert that observation into a measurement recommendation: use should be measured functionally. 

The reported mediation result suggests that writer agency may help explain the association between delegation and self-
perceived voice, which is consistent with Ivanic's (1998) self-as-author construct and accounts of authorial ambiguity (Seran et 
al., 2025; Ryan et al., 2025). This interpretation must remain statistical rather than causal because delegation, agency, and 
voice were measured concurrently. Moreover, the indirect-effect coefficient and bootstrap confidence interval are absent from 
the present file; the 43.6% proportion mediated should not be emphasized until those verified estimates are reported. Any 
remaining direct association may reflect unmeasured confounding, measurement overlap, reverse directionality, or linguistic 
inheritance from model output. 

The reported non-significant delegation-by-AI-literacy interaction does not support the proposed buffering role of AI literacy 
in this sample. AI literacy was positively correlated with self-perceived voice at the bivariate level (r = .44, p < .001) but was 
not a statistically significant unique predictor in the final regression model (beta = .148, p = .128). Thus, the data do not justify 
the claim that AI literacy independently raised voice. A cautious pedagogical inference is that critical evaluation training may 
need to be combined with process guidance about when and how GenAI enters composing; this proposition requires longitudinal 
or experimental testing (UNESCO, 2023; Kohnke et al., 2023). 

The corpus findings extend comparative text research (Amirjalili et al., 2024; Al Hosni, 2025) by linking individual differences 
in self-reported delegation to selected essay features within one learner sample. Delegation was associated with fewer self-
mentions and hedges and more boosters. The strong correlation with self-mention (r = -.76) may be pedagogically informative 
at the aggregate level, but it is not evidence of authorship for an individual text and must not be used as an AI-detection criterion. 
Claims concerning sentence length and lexical diversity should be retained only after their inferential statistics are added to the 
Results. The broader assessment implication is that surface fluency and authorial presence are not interchangeable constructs. 

The Pakistani setting sharpens the general finding. Delegation did not vary by prior medium of schooling or by level of study, 
which contradicts the assumption that ghost-writing is a coping strategy of the linguistically weakest students. Instead, it 
appears to be a time-and-risk strategy available to everyone and taken up broadly, consistent with the high general adoption 
reported by Rashid et al. (2025) and the strong trust-improvement associations documented by Anwer et al. (2025). The fourth 
qualitative theme adds something to that literature that the perception surveys could not reach: in an assessment culture that 
reads personal expression as unprofessional and as evidence of AI use, students suppress their voice deliberately. Institutional 
response to GenAI is thus itself contributing to the erosion it aims to prevent. 

6. Pedagogical and Assessment Implications 

Writing instruction should distinguish editorial assistance, dialogic support, and generative delegation rather than treating all 
GenAI use as equivalent. Process-focused assessment can require planning notes, prompt and revision logs, annotated drafts, 
brief oral justification of compositional decisions, or reflective disclosure of how model suggestions were accepted, rejected, 

and rewritten. Rubrics should assess ownership of claims, warranted stance, and revision reasoning alongside linguistic 
accuracy. These recommendations are provisional: the current study identifies associations in one regional convenience sample 
and does not test an intervention. 

7. Conclusion 

This study found that modes of GenAI use were differentially associated with authorial voice among 92 Pakistani university 
ESL learners. Editorial use was not significantly related to the measured voice outcomes, dialogic use showed positive bivariate 
associations, and generative delegation was associated with lower self-perceived and rubric-scored voice. Writer agency had 
the largest standardized coefficient in the final regression model, whereas AI literacy did not significantly moderate the 
delegation-voice association. Delegation was also associated with fewer self-mentions and hedges and more boosters in 
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submitted essays. Interviews suggested that participants often delegated the translation of ideas into prose, experienced a 
fluency-ownership trade-off, bypassed rough drafting, and managed voice in response to perceived institutional risk. These 
results support distinguishing assistance from delegation in pedagogy and assessment, but they do not show that GenAI use 
causes voice loss. Verified mediation and moderation coefficients, complete ethics approval details, reproducible corpus 
procedures, scale-validation evidence, and confidence intervals must be added before journal submission. 
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