
Enigma in Education 
https://enigma.or.id/index.php/edu 

e-ISSN: 3026-5827 

 
 13 

ORIGINAL ARTICLE 

Enigma in Education  |  Vol. 4, No. 1 (2026)  |  pp. 13–18 

Effectiveness of an Automated Feedback System on Crea-
tive Writing and Scientific Translation Skills Among Under-
graduate Students: A Quasi-Experimental Study 

Danila Adi Sanjaya1, Gayatri Putri2* 

1Department of Literature Science, CMHC Research Center, Palembang, Indonesia 
2Department of Library and Informatics Science, Enigma Institute, Palembang, Indonesia 

A R T I C L E   I N F O 

Article history 
Received: March 19, 2026 
Revised: April 18, 2026 
Accepted: May 2, 2026 
Available online: May 20, 2026 
Published: May 30, 2026 
Keywords 
Automated feedback; computer-assisted language 
learning; creative writing; scientific translation; 
writing self-efficacy 

Corresponding author 
Gayatri Putri 
gayatri.putri@enigma.or.id 
ORCID 
0009-0006-1314-2157 

DOI 
https://doi.org/10.61996/edu.v4i1.123 

A B S T R A C T 

Background. Evidence on automated feedback for higher-order skills is thin. Creative writing, 
scientific translation, and writing self-efficacy among non-native English speakers have re-
ceived little study. 

Objective. This study examined how an automated feedback system (AFS) was associated 
with creative writing skills (CWS), scientific translation skills (STS), and writing self-efficacy 
(WSE) among undergraduates. 

Methods. A quasi-experimental pretest–posttest design with a non-equivalent control group 
was used. The 136 participants (experimental group: n = 68; control group: n = 68) studied in 
the Department of English Education at a public university in Palembang, Indonesia. They at-
tended Writing and Translation courses during a 10-week intervention. The experimental 
group received automated feedback through an integrated computer-assisted language learn-
ing platform. The control group received conventional feedback from instructors. Pretest and 
posttest data were analyzed with analysis of covariance (ANCOVA). 

Results. Large effects favored the experimental group. They appeared for creative writing 
skills (d = 1.84, 95% CI [1.38, 2.30], p < 0.001), scientific translation skills (d = 2.08, 95% CI 
[1.62, 2.54], p < 0.001), and writing self-efficacy (d = 1.94, 95% CI [1.49, 2.39], p < 0.001). 

Conclusion. In this sample, automated feedback was associated with greater skill develop-
ment and learner confidence in academic writing, mostly in skill-intensive tasks that need it-
erative practice. Combining it with periodic instructor guidance and peer collaboration is also 
emphasized. 

 

Copyright: © 2026 The Author(s). Published by Enigma Institute on behalf of Enigma in Education. The authors retain copyright of their work. 
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4.0 International License (CC BY-NC-SA 4.0), which permits non-commercial use, sharing, adaptation and reproduction in any medium, provided 
the original author and source are credited and any derivative work is distributed under the same license. 

1. Introduction 

Technology now plays a growing part in language education. 
Computer-assisted language learning (CALL) systems have be-
come practical aids for teaching writing.1,2 Undergraduates in 
every discipline are expected to write well, whether the task is 
creative expression or composition in a specialized field.3,4 
Feedback delivered by instructors has clear limits. Each student 
receives little individual attention, comments arrive late, and 
corrections are applied unevenly.5,6 

Automated feedback systems were developed to address 
these limits by giving learners corrective input that is immedi-
ate, consistent, and easy to scale.7,8 Earlier studies found that 
such feedback helps with grammar and mechanical errors.9,10 
Evidence for higher-order skills, creative writing and scientific 
translation in particular, is still scarce.11 

Scientific translation means conveying specialized terminol-
ogy and concepts accurately from one language to another 
while keeping to the conventions of the discipline, and it poses 
a writing problem of its own.12 Creative writing, by contrast, re-
wards originality, stylistic growth, and rhetorical skill.13 Both 
depend on metacognitive awareness and on repeated cycles of 
revision.14,15 

Writing self-efficacy covers a learner's confidence in writing, 
belief in the ability to overcome difficulties, and persistence 
through revision. It predicts writing achievement.16,17 How au-
tomated feedback relates to self-efficacy among non-native 
English speakers has seldom been studied.18 

This study asked three related questions. (1) To what extent 
does automated feedback improve creative writing among un-
dergraduate language learners? (2) Does it improve scientific 
translation competence? (3) How does exposure to it influence 
the course of writing self-efficacy? We hypothesized that the ex-
perimental group, which received automated feedback, would 
improve significantly more on every outcome than the control 
group, which received conventional instructor feedback. 

2. Methods 

2.1 Study design and setting 

The study used a quasi-experimental design with a non-
equivalent control group. It took place during the 2024 aca-
demic year at a public university in Palembang, Indonesia.  

2.2 Participants, sampling, and eligibility 

The sample consisted of 136 Indonesian undergraduate stu-
dents (male: n = 62, 45.6%; female: n = 74, 54.4%; Mage = 19.8 
years, SD = 1.2) in fourth-semester Writing and Translation 
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courses of the Department of English Education. The experi-
mental condition had 68 students (male: n = 30, 44.1%; female: 
n = 38, 55.9%), and the control condition had 68 (male: n = 32, 
47.1%; female: n = 36, 52.9%). The conditions did not differ sig-
nificantly in demographics (χ²(1) = 0.12, p = 0.73 for gender; 
t(134) = 0.97, p = 0.34 for age). All participants had Intermedi-
ate or Advanced English proficiency (TOEFL scores: M = 520, SD 
= 35, range: 475–607). Table 1 gives the full demographic char-
acteristics and baseline equivalence statistics. 

2.3 Variables, instruments, and procedures 

Students in the experimental group used an integrated auto-
mated feedback platform (hereafter AFS) designed for English 
language learners. It gave feedback at three levels: surface-level 
errors (orthography, grammar, punctuation), sentence-level 
concerns (clarity, concision, variety), and discourse-level issues 
(organization, coherence, rhetorical effectiveness). Feedback 
appeared immediately after each writing assignment was sub-
mitted, and students could revise as often as they wished during 
the 10-week intervention.  

The control group followed standard instruction. Instructors 
gave written comments, which were followed by discussion in 
class. Feedback usually arrived within 3–5 days of submission, 
and most assignments allowed a single revision. Both groups 
followed identical curricula in content coverage, assignment 
types, and overall course objectives, so the main differences lay 
in how feedback was delivered and how quickly. Weekly writing 
assignments of approximately 500–750 words were the main 
learning activity in both conditions, and students completed ap-
proximately 8–10 of them during the intervention. 

Creative writing skills. An analytic rubric with five dimen-
sions was used to assess creative writing skills: originality and 
imagination (4 points), narrative structure and coherence (4 
points), character development and voice (4 points), stylistic 
variation and language use (4 points), and technical accuracy (4 
points). Total scores ranged from 0 to 20 points. All writing 
samples were scored by two independent raters who were 
blind to condition. Inter-rater reliability (intraclass correlation 
coefficient) was adequate (ICC2,1 = 0.78 for pretest; ICC2,1 = 0.82 
for posttest).  

Scientific translation skills. Participants translated standard-
ized English-to-Indonesian academic passages (approximately 
300 words each) taken from peer-reviewed biology and chem-
istry articles, and these translations measured scientific trans-
lation proficiency. A weighted rubric rated terminology 
accuracy (35%), meaning preservation (30%), fluency and nat-
uralness in Indonesian (20%), and adherence to disciplinary 

conventions (15%). Total scores ranged from 0 to 100 points. 
Three bilingual raters, all native Indonesian speakers with ad-
vanced English proficiency and translation experience, rated 
the translations independently. Inter-rater agreement was ac-
ceptable (ICC2,3 = 0.81 for pretest; ICC2,3 = 0.84 for posttest). 

Writing self-efficacy. Writing self-efficacy was measured with 
a 10-item Writing Self-Efficacy Scale (WSES). The authors 
adapted it for translation contexts from the writing self-efficacy 
scale of Zimmerman and Bandura (1994).19 Items were rated on 
100-point scales (0 = “not confident at all” to 100 = “completely 
confident”) and asked about the capability to perform various 
writing and translation tasks. Internal consistency, assessed 
with Cronbach's alpha, was adequate at pretest (α = 0.87) and 
at posttest (α = 0.89).  

2.4 Statistical analysis 

Descriptive statistics (means, standard deviations, ranges) 
were computed for all dependent variables. The assumptions 
for parametric testing were checked: homogeneity of variance 
(Levene's test), normality (Shapiro–Wilk test), and homogene-
ity of regression slopes for ANCOVA. All were satisfied (p > 0.05 
for Levene's tests). Analysis of covariance (ANCOVA) was run 
separately for each dependent variable, with pretest scores as 
covariates to control baseline differences and raise statistical 
power. Cohen's d estimated the effect sizes, with 95% confi-
dence intervals from bootstrapping (10,000 resamples). Signif-
icance was set at α = 0.05 (two-tailed). Analyses used IBM SPSS 
Statistics version 27.0 and R version 4.3.1.  

2.5 Ethical considerations 

The Ethics Committee of Social Research, Enigma Institute, 
Indonesia approved the study (approval number: 2025/201), 
and the research followed the principles of the Declaration of 
Helsinki. All participants gave written informed consent before 
data collection began. 

3. Results 

3.1 Participant characteristics and baseline compari-
sons 

Table 1 gives the demographic characteristics and baseline 
descriptive statistics. Before the intervention, the experimental 
and control groups performed equivalently on all dependent 
variables. Independent samples t-tests found no significant 
baseline differences in creative writing skills (t(134) = 0.29, p = 
0.77), scientific translation skills (t(134) = 0.17, p = 0.87), or 
writing self-efficacy (t(134) = 0.17, p = 0.86).  

 

Table 1. Demographic characteristics and baseline statistics for the experimental and control groups. 

Variable Experimental Control p 

n 68 68 — 

Age (M ± SD) 19.9 ± 1.1 19.7 ± 1.3 0.34 

Gender (% female) 55.9% 52.9% 0.73 

TOEFL score (M ± SD) 522 ± 34 519 ± 36 0.62 

Pretest CWS (M ± SD) 8.76 ± 2.34 8.64 ± 2.41 0.77 

Pretest STS (M ± SD) 62.14 ± 8.92 61.88 ± 9.24 0.87 

Pretest WSE (M ± SD) 58.43 ± 10.18 58.12 ± 10.56 0.86 

Note. CWS = creative writing skills (0–20); STS = scientific translation skills (0–100); WSE = writing self-efficacy (0–100); TOEFL = Test of English as a Foreign Lan-
guage. p-values are from independent samples t-tests (continuous variables) or a χ² test (gender). 

3.2 Primary outcomes 

Table 2 presents the ANCOVA results, and Figure 1 shows the 
corresponding adjusted between-group means. With pretest 
performance controlled, the experimental group that received 
automated feedback improved significantly more on all three 
dependent variables. Figure 2 summarizes the between-group 
effect sizes. 

Creative writing skills. In creative writing, the experimental 
group (Madj = 17.82, SE = 0.38) significantly outperformed the 
control group (Madj = 14.26, SE = 0.38) at posttest, F(1, 133) = 
68.44, p < 0.001, with a large effect size (d = 1.84, 95% CI [1.38, 
2.30]). Table 3 reports the raw pretest and posttest means. 

Scientific translation skills. The largest treatment effect 
among the dependent variables was found for scientific 
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translation skills after the intervention. The experimental group 
(Madj = 81.34, SE = 1.87) scored well above the control group 
(Madj = 69.18, SE = 1.87), F(1, 133) = 89.76, p < 0.001, and the 
effect size was very large (d = 2.08, 95% CI [1.62, 2.54]). 

Writing self-efficacy. Writing self-efficacy rose significantly 
more in the experimental group (Madj = 81.25, SE = 2.14) than in 
controls (Madj = 68.94, SE = 2.14), F(1, 133) = 76.25, p < 0.001, a 
large effect (d = 1.94, 95% CI [1.49, 2.39]).  

 

Table 2. Analysis of covariance results: posttest performance by group (controlling for pretest scores). 

Variable Experimental Control F p d [95% CI] 

CWS 17.82 (0.38) 14.26 (0.38) 68.44 < 0.001 1.84 [1.38, 2.30] 

STS 81.34 (1.87) 69.18 (1.87) 89.76 < 0.001 2.08 [1.62, 2.54] 

WSE 81.25 (2.14) 68.94 (2.14) 76.25 < 0.001 1.94 [1.49, 2.39] 

Note. Values in parentheses are standard errors of adjusted means. Adjusted means control for pretest performance via ANCOVA; d = Cohen's d with 95% CI from boot-
strap resampling (10,000 replicates). All comparisons p < 0.001. CWS, STS, and WSE as defined in Table 1. 

 
Figure 1. Adjusted posttest means (± SE) by group for the three outcome measures, controlling for pretest scores via ANCOVA. Each panel uses the measure's 
native scale. The experimental group exceeded the control group on every measure (***p < 0.001). Values correspond to Table 2. 

 
Figure 2. Forest plot of between-group effect sizes (Cohen's d) with 95% confidence intervals for the three outcomes. All estimates exceed 1.8 and none cross 
zero, indicating very large, statistically significant differences favoring the experimental group. The dashed line marks the large-effect threshold (d = 0.8). 
Values correspond to Table 2. 

3.3 Within-group changes 

Table 3 lists the within-group pre-to-post changes, and Fig-
ure 3 illustrates these trajectories. Within-group effect sizes are 
paired-samples d (dwithin = t/√67). In the experimental group, 
paired samples t-tests showed significant improvement in cre-
ative writing skills (t(67) = 12.84, p < 0.001, dwithin = 1.56), 

scientific translation skills (t(67) = 14.29, p < 0.001, dwithin = 
1.73), and writing self-efficacy (t(67) = 13.47, p < 0.001, dwithin = 
1.64). The control group also improved significantly, but by 
much less: creative writing (t(67) = 4.12, p < 0.001, dwithin = 
0.50), scientific translation (t(67) = 5.31, p < 0.001, dwithin = 
0.65), and writing self-efficacy (t(67) = 4.88, p < 0.001, dwithin = 
0.59).  

 

Table 3. Within-group pretest to posttest changes for the experimental and control groups. 

Variable Group Pretest Posttest t Paired d 

CWS Experimental 8.76 (2.34) 17.89 (1.42) 12.84 1.56 

 Control 8.64 (2.41) 12.34 (1.89) 4.12 0.50 

STS Experimental 62.14 (8.92) 82.67 (4.18) 14.29 1.73 

 Control 61.88 (9.24) 71.42 (7.56) 5.31 0.65 

WSE Experimental 58.43 (10.18) 82.89 (6.12) 13.47 1.64 

 Control 58.12 (10.56) 72.34 (8.94) 4.88 0.59 

Note. Values in parentheses are standard deviations; pretest and posttest means are unadjusted raw values. d = paired-samples effect size (t/√67). All t values signifi-
cant at p < 0.001. CWS, STS, and WSE as defined in Table 1. 
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Figure 3. Within-group trajectories from pretest to posttest for the experimental (solid lines) and control (dashed lines) groups across the three outcome 
measures (CWS, 0–20; STS and WSE, 0–100). Points are unadjusted group means. The steeper experimental-group slopes illustrate the larger gains associated 
with automated feedback. Values correspond to Table 3.  

4. Discussion 

4.1 Principal findings 

The results suggest that automated feedback is associated 
with improvement in several dimensions of undergraduate 
writing competence. Effects were large. Cohen's d exceeded 
1.80 on every outcome, above the effect sizes usually reported 
for writing interventions,20,21 although effects of this size in a 
single-site, non-randomized study call for replication. The find-
ings add to earlier work on CALL systems and automated feed-
back. They suggest benefits for demanding writing tasks, not 
only for the correction of mechanical errors.8,22 

Creative writing. Creative writing improved considerably in 
the experimental group (d = 1.84). This fits theories that give 
immediate feedback a central place in skill acquisition and met-
acognitive development.6,23 The system returned corrective in-
formation at once. Students may therefore have spotted errors 
quickly and tested alternative stylistic choices, processes that 
information-processing models predict.24,25 

The creative writing rubric weighted technical accuracy 
alongside higher-order concerns such as originality, character 
development, and narrative coherence. Gains were seen across 
these dimensions. This suggests that feedback targeting several 
linguistic and discourse-level features can support the growth 
of subtler writing abilities. The system applied the rubric crite-
ria consistently, so learners may have gained a clearer view of 
quality standards and of what was expected of them.26 

The within-group effect in creative writing was about 3.1 
times larger in the experimental group than in the control group 
(paired-samples dwithin = 1.56 vs. 0.50). Instructor feedback is 
interpretively rich. Even so, this gap suggests that it may not 
supply input frequent or consistent enough to drive large gains 
in complex writing domains.27 

Scientific translation. The largest effect appeared for scien-
tific translation (d = 2.08), which suggests that automated sys-
tems may be especially useful in this specialized domain. 
Translators must attend at once to terminology, meaning, and 
stylistic convention. Such demands may be met well by system-
atic feedback on several dimensions.12 

The system drew on domain-specific terminology databases 
and translation evaluation algorithms. These may account for 
its edge over general writing feedback. Feedback on terminol-
ogy and disciplinary convention could be especially useful to 
translation learners, since instructors find these dimensions 
hard to judge consistently in large cohorts.12 

Translation showed a larger effect than creative writing 
(2.08 vs. 1.84). Automated systems may therefore suit struc-
tured, rule-governed tasks that call for technical precision. Cre-
ative writing depends on originality and subjective aesthetic 
judgment, which algorithms may evaluate less easily; this could 

explain the somewhat smaller, though still large, effect. The in-
terpretation is tentative and should be tested directly in future 
comparative studies. 

Writing self-efficacy. Writing self-efficacy rose significantly 
(d = 1.94). This matters theoretically. Self-efficacy is a proximal 
outcome that shapes persistence, engagement, and later writing 
efforts.16 Theories of motivation and self-regulation hold that 
feedback on competence and experiences of success build con-
fidence.17,28,29 

Immediate feedback may have produced frequent experi-
ences of success. Students received corrections quickly, revised, 
resubmitted, and saw their work improve. This cycle supports 
mastery experiences, which are theorized to be the strongest 
source of self-efficacy.28 Unlimited revisions were also allowed 
in the experimental condition. Students could watch their com-
petence grow step by step, which may have increased efficacy 
gains relative to the single revision permitted in the control con-
dition. 

Self-efficacy also rose in the control group (dwithin = 0.59), but 
far less than in the experimental group (dwithin = 1.64). Tradi-
tional instructor feedback thus appears to build some efficacy, 
whereas the intensity and consistency of automated feedback 
may have produced much stronger gains in confidence. 

4.2 Interpretation and implications 

Institutions weighing technology adoption may, on these 
findings, consider giving priority to automated feedback in 
writing-intensive courses. The large effects suggest that such in-
vestment could improve student writing and learner confi-
dence, although replication in other settings is needed. 

Design matters, however. Feedback should address several 
linguistic and discourse-level dimensions. Systems limited to 
mechanical errors or generic writing concerns may yield much 
smaller benefits than those that offer discipline-specific, higher-
order feedback.8 Faculty will also need training. Instructors 
must understand what a system can and cannot do. Only then 
can they combine it with their own guidance and with peer col-
laboration. 

Combining automated and instructor feedback may also be 
worthwhile. Future studies could test hybrid models in which 
the system supplies rapid, frequent input and instructors con-
centrate on higher-order commentary and personal guidance, a 
division of labor that might improve both efficiency and effec-
tiveness. 

4.3 Strengths and limitations 

The study has several limitations. First, it was conducted at 
a single institution with a fairly homogeneous sample in terms 
of English proficiency and academic background. Generaliza-
tion to learners with lower proficiency or more varied experi-
ence should therefore be cautious. Second, the system was 
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designed specifically for English language learners. The findings 
may not carry over to off-the-shelf systems without such design. 
Third, the 10-week intervention gave adequate time for skill de-
velopment, but longer follow-up would show whether the gains 
last. Fourth, baseline equivalence was established statistically, 
yet unmeasured selection factors or differences in motivation 
may have influenced outcomes. Quasi-experimental designs 
cannot rule out such threats, although the effect sizes far ex-
ceeded those typical of selection artifacts.29 Fifth, no qualitative 
data were collected on how automated feedback influenced out-
comes. Think-aloud protocols or stimulated-recall interviews in 
future work would shed light on the mechanisms. Sixth, the two 
conditions differed not only in the use of automation but also in 
feedback source, delay, and number of revision opportunities, 
so the effects cannot be attributed to automation alone, and the 
procedure by which participants entered each condition is not 
fully described. 

Future research. Future research should test whether the 
benefits of automated feedback hold across other populations, 
languages, and educational settings. Longitudinal designs that 
follow writing development over several academic years would 
show whether the effects last, and comparisons of system de-
signs would reveal which features matter most. Studies of inter-
actions with individual differences such as cognitive ability, 
motivation, and writing anxiety could identify subgroups that 
benefit especially strongly or hardly at all. 

5. Conclusion 

In this quasi-experimental study, automated feedback was 
associated with significantly better creative writing, scientific 
translation, and writing self-efficacy among undergraduates. 
The effects were large (d = 1.84–2.08). They also stood well 
above those usually found in research on writing instruction. 
Automated feedback therefore looks like a promising innova-
tion for language education. Adopting such systems in under-
graduate writing curricula is worth considering, above all when 
the systems address several linguistic and discourse-level di-
mensions and when they are combined with instructor guid-
ance and peer collaboration, although replication in other 
settings is needed. Writing and translation matter more and 
more in higher education. Used with care, technology may im-
prove student learning and give instructors a faster, more effi-
cient way to provide feedback. 
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