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Student-Generated AI Images and Depth of Vocabulary Knowledge in EFL Learners
Abstract
This study compared learner-generated AI-image activities with verbal semantic elaboration across meaning precision, collocation, contextual application and productive use. Sixty-five first-year Vietnamese university students learned 24 academic words in a counterbalanced within-participant study conducted during a seven-week course. Each participant studied 12 words in each condition. Both activities required learners to interpret meanings and construct brief situations; the image condition additionally involved generating and reviewing images through ChatGPT or Gemini. Scores were collected at a pre-test, a first post-test and a follow-up assessment 20 course slots after the first post-test. Four separate repeated-measures ANOVAs and eight Holm-adjusted paired comparisons examined the outcomes without combining them into a global vocabulary-depth score. At both post-tests, AI-image scores were higher for meaning precision, contextual application and productive use, with paired differences of 4.10–7.60 percentage points and within-participant effect sizes of 0.36–0.66. A collocational advantage was not statistically detected. Condition-by-time interactions were significant for contextual application and productive use. The pattern suggests that the combined AI-image activity merits further investigation for meaning-focused vocabulary learning and elicited sentence use. However, separate outcome analyses do not establish different effects across vocabulary dimensions, and the comparison does not isolate imagery from AI interaction or possible differences in exposure. Interpretation is also limited by single-rater scoring, the lack of reliability estimates and potential word-set and order effects.
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Student-Generated AI Images and Depth of Vocabulary Knowledge in EFL Learners
Vocabulary knowledge is central to second-language development, particularly in university EFL settings where learners are expected to comprehend and produce increasingly specialized academic discourse. However, successful lexical development involves more than increasing the number of recognizable words. Learners must also develop sufficiently precise and flexible knowledge to interpret lexical items in unfamiliar contexts and to use them appropriately in their own language production.
This distinction is commonly discussed in terms of vocabulary breadth and depth. Breadth concerns the number of lexical items known, whereas depth concerns the quality and extent of knowledge associated with individual words (Read, 2000; Schmitt, 2014). A learner may, for example, know that constraint refers broadly to a limitation while still being unable to distinguish it from related terms, recognize a conventional collocation such as financial constraints, identify an unfamiliar situation as a constraint, or use the word appropriately in an academic sentence. Nation's (2013) framework similarly conceptualizes word knowledge as multidimensional, encompassing form, meaning, and use in both receptive and productive modes.
Recent developments in generative artificial intelligence (GenAI) have created new possibilities for supporting such lexical development. Text-to-image functionality now allows learners to transform lexical meanings into individualized visual representations. In vocabulary learning, this capability is pedagogically relevant because a visual scene can externalize relations, states, processes, and situations that may otherwise remain abstract. For academic words such as vulnerability, decline, or constraint, a generated image may provide a concrete instantiation of meaning that complements a definition and example sentence.
Emerging AI-image studies examine multimodal vocabulary learning (Ye & Yan, 2026) and learners’ image-refinement strategies (Hwang et al., 2026). These studies establish the relevance of AI imagery, while leaving questions about distinct dimensions of lexical knowledge.
Chen’s (2026) review of 25 higher-education EFL studies found that vocabulary breadth received more attention than depth, delayed retention or transfer. Improved recall therefore does not establish precise meanings, contextual application or productive knowledge.
The present study examines meaning precision, collocational knowledge, contextual application and productive use as a focused operationalization of vocabulary depth relevant to academic language use. It compares learner-generated AI-image activities with verbal semantic elaboration. Both conditions require learners to interpret lexical meaning and construct a brief situation, providing an active comparison while leaving AI interaction unique to the image activity.
The study examines condition differences within each outcome at two post-tests. Patterns across the four outcomes are interpreted descriptively because differences between condition effects were not directly tested.
Literature Review
Vocabulary Depth as a Multidimensional Construct
Vocabulary knowledge develops incrementally, and different components of a lexical item may be acquired at different rates. Schmitt (2014) therefore cautions against treating vocabulary depth as a unitary construct that can be represented adequately by a single score. Nation's (2013) framework likewise distinguishes multiple aspects of form, meaning, and use. For research design, this implies that outcome measures should be aligned explicitly with the component of lexical knowledge under investigation. Henriksen (1999) distinguishes progression from partial to precise knowledge, depth of knowledge, and receptive-to-productive use ability. This distinction helps explain why recognizing a word, interpreting its lexical relationships, and using it appropriately may require different assessment tasks.
Read (1993) developed a measure of individual word knowledge beyond recognition, while Read (2000) connects vocabulary assessment to test purposes and procedures. These contributions support specifying the lexical knowledge and response demands represented by each measure.
Depth measures have also been examined in relation to academic language performance. Qian (2002) assessed synonymy, polysemy, and collocation and found that depth of vocabulary knowledge contributed to predicting academic reading performance alongside vocabulary size. This supports attention to semantic relationships and conventional combinations, while also showing that a depth measure samples particular aspects of a broader construct. The present four outcomes use a different operationalization; the cited research provides a conceptual foundation rather than validation of the present instruments.
In the present study, meaning precision concerns accurate interpretation of the intended lexical meaning. Collocational knowledge concerns conventional lexical combinations. Contextual application concerns identifying or supplying a target concept in a situation beyond the instructional example. Productive use concerns using a supplied target word appropriately in an original sentence. These task definitions specify intended interpretations; they do not establish that the measures exhaust vocabulary depth or represent equivalent scales.
Because these four dimensions differ in response format, scoring, and difficulty, they were treated as related but distinct outcomes. The study therefore avoided collapsing them into a single overall "depth" score. This analytical decision is important both conceptually and statistically: a composite would risk obscuring dimension-specific effects and would imply a level of psychometric equivalence that has not been established.
Webb (2007) assessed multiple aspects of word knowledge through ten tests. Webb et al.’s (2023) meta-analysis found that incidental vocabulary gains varied with learners, materials, activities and methods. These findings reinforce the need to specify task demands when evaluating vocabulary learning.
Visual Support, Multimodal Learning, and Lexical Knowledge
Visual support has long been used to strengthen form–meaning connections in vocabulary instruction. Dual coding theory describes interconnected verbal and nonverbal representations that can support learning and memory (Clark & Paivio, 1991). In vocabulary learning, an image may therefore complement a verbal explanation by providing another representation of the intended meaning. Multimedia benefits nevertheless vary across learners and learning conditions. Teng and Zhang (2023), for example, examined the association between working memory and the effects of multimedia input on L2 vocabulary learning. Visual support should therefore be evaluated in relation to the learners, tasks, and lexical outcomes involved.
This qualification is especially relevant to vocabulary depth. Images are well suited to representing referents, relations, events, and situations, but they do not directly encode every linguistic property of a word. A generated scene may make the concept of decline or vulnerability more interpretable, for example, without teaching conventional combinations such as a sharp decline or vulnerability to infection. It is therefore theoretically plausible that imagery supports semantic and contextual dimensions more strongly than collocational knowledge.
Academic vocabulary presents an additional challenge because many items are abstract, relational, or context dependent. GenAI may broaden the range of words that can be visualized by generating tailored scenes rather than relying on pre-existing pictures. However, the pedagogical value of such scenes should be evaluated in relation to specific lexical outcomes rather than assumed from their visual richness alone.
AI-Generated Imagery in Vocabulary Learning
Ye and Yan (2026) reported immediate and delayed advantages for multimodal instruction incorporating AI-generated images over text-only instruction. Their design nevertheless could not separate multimodal presentation from AI generation.
Hwang et al. (2026) examined learners’ creation and refinement of AI images, focusing on prompt iteration and vocabulary-learning strategies. Here, prompting served only to obtain visual representations; prompt characteristics were not investigated.
Chen’s (2026) review identifies limited attention to depth, retention and transfer, supporting outcome-specific assessment of AI vocabulary activities.
Rationale for the Present Comparison
A central methodological problem in comparing AI-image learning with conventional instruction is unequal cognitive activity. If the AI condition requires learners to interpret a meaning, formulate a representation, interact with a tool, and inspect an image while the comparison condition requires only passive reading, superior performance cannot be attributed confidently to the visual component. The present design therefore required semantic elaboration in both conditions. Task-induced involvement provides a theoretical reason to attend to such differences in learners’ engagement with lexical meaning (Laufer & Hulstijn, 2001).
In both AI-IMG and VERB, learners read a target word, its definition, and an example sentence and constructed a brief situation that instantiated the target meaning. In AI-IMG, that situation was additionally externalized as a visual image through ChatGPT or Gemini; in VERB, it remained verbal. The comparison consequently concerns two instructional modes that shared semantic elaboration but differed in whether an AI-generated visual representation was added. This design does not isolate a pure image effect, because interaction with an AI tool remains unique to AI-IMG, but it reduces a major confound present in simpler image-versus-reading comparisons.
Research Questions and Hypotheses
RQ1. Does the learner-generated AI-image activity yield higher scores at the first post-test than verbal semantic elaboration within meaning precision, collocation, contextual application and productive use?
RQ2. How do the observed condition differences vary descriptively across the four outcomes? No direct test of differences between condition effects was conducted.
RQ3. Are any condition differences still detectable at the follow-up post-test?
H1 and H3 were examined through outcome-specific comparisons. H2 expresses an anticipated descriptive pattern and was not directly tested.
H1. AI-IMG would outperform VERB on meaning precision, contextual application and productive use at the first post-test.
H2. The observed between-condition difference would be smallest for collocation; this cross-outcome expectation was not directly tested.
H3. Any AI-IMG advantages at the first post-test would remain detectable at follow-up.
Method
Design
The study used a within-participant design comparing learner-generated AI-image learning (AI-IMG) with verbal semantic elaboration (VERB). Each participant studied 24 target words, with 12 assigned to each condition. Set A comprised P01–P12 and Set B comprised P13–P24 (Appendix A). Participants were randomly assigned using the class roster. Group 1 learned Set A through AI-IMG and then Set B through VERB; Group 2 learned Set A through VERB and then Set B through AI-IMG. The retained groups comprised 36 and 29 students, respectively. Thus, condition order and word-set assignment to condition varied across groups, while Set A preceded Set B in both groups.
The within-participant comparison reduced variation attributable to stable individual differences. Assigning each word set to both conditions across groups reduced systematic association between condition and word set. Unequal retained group sizes and fixed word-set order nevertheless leave possible residual influences of word set and instructional position.
Participants
The initial cohort comprised 72 first-year Vietnamese university students in an academic English reading and writing course at a university in Hanoi. Participants were approximately CEFR B1 according to institutional placement procedures. Seven were excluded because of absence from one or more tests or incomplete testing. The analysis used the same 65 participants with complete, legible, usable records across both conditions, all three occasions and all four outcomes. No values were imputed and no further cases were deleted. Pairwise deletion was not used in the reported ANOVAs or paired tests.
Participation in the research was voluntary. Before data collection, students received an explanation of the study and provided oral informed consent. Only students who agreed to participate were included in the research dataset.
Target-Word Selection
Twenty-four course-relevant academic words were selected for use in academic reading and writing. Appendix A lists the words and their allocation to the two sets.
The author and one other teacher considered the words’ suitability for visual representation. No pilot study was conducted. Each set contained four intended verbs, four nouns and four adjectives. Teacher judgments of imageability informed word selection. Inter-rater agreement and statistical equivalence of the sets were not established.
Learning Materials and Instructional Conditions
For each target item, both conditions provided the same target word, part of speech, concise English definition, and model sentence. No image was shown at initial presentation. The instructional divergence occurred only after learners had interpreted the lexical information.
The study took place during a seven-week course in March and April 2026. In AI-IMG, learners constructed a situation representing the target meaning and generated an image using ChatGPT Free or Gemini Free, the free consumer versions accessible during that period. They chose the service, reported it to the teacher, and used personal accounts through laptop browsers or phone applications. Regeneration and teacher assistance were permitted. If generation was unsuccessful in class, learners could complete it at home and submit the image afterward. They reviewed the image with the target word and meaning. Exact backend model/version identifiers were not recorded. Prompts were not analyzed as outcomes.
In VERB, learners constructed a comparably brief situation that represented the target meaning and reviewed that verbal representation with the target word, but they did not generate or view an image. Thus, both conditions involved semantic elaboration; AI-IMG added AI-mediated visual externalization.
The course comprised 35 teaching days, each with two 90-minute teaching slots. Vocabulary teaching and learning occupied approximately 30 minutes within a 90-minute slot, with the remaining time devoted to other course activities, such as reading or writing. Target-word instruction began after T1 in slot 2 and concluded in slot 20. Active study time could vary because image regeneration, teacher assistance and permitted home completion added opportunities for exposure; actual time on task was not compared statistically.
Vocabulary Measures
The four outcomes were scored separately. Meaning precision, collocation and contextual application each contained 12 items per condition, combining multiple-choice and gap-fill items. Multiple-choice responses received 0 or 1; gap-fill responses could receive fractional credit from 0 to 1 for completeness, spelling and accuracy. Productive use required six sentences per set, scored from 0 to 2. Each outcome therefore had a raw maximum of 12; percentage = 100 × raw total / 12. No overall vocabulary-depth score was calculated. Appendix B summarizes scoring.
Meaning Precision. Multiple-choice and gap-fill tasks assessed interpretation of the intended lexical meaning, through discrimination among alternatives or written completion.
Collocational Knowledge. Multiple-choice and gap-fill tasks assessed conventional combinations checked against the online Longman Dictionary of Contemporary English (Pearson Education, n.d.).
Contextual Application. Tasks required learners to identify or supply a lexical concept in a given situation. They were intended to assess application beyond instructional examples; transfer beyond the administered tasks was not established.
Productive Use. Students wrote six sentences per word set using supplied target words. Each sentence received a holistic score of 0–2, with fractional credit based on semantic appropriacy, contextual fit, and grammatical and collocational accuracy. The criteria were not separately weighted; intermediate scores reflected the teacher’s professional judgment.
The author was the sole human marker, with ChatGPT Plus assisting with multiple-choice marking. No productive-use responses received an independent second human rating (n = 0), so inter-rater agreement could not be estimated. The other teacher considered word imageability rather than marking test responses. Item-level marks were not retained, so internal consistency could not be estimated.
Testing Schedule and Test Forms
The study took place during a seven-week course in March and April 2026, comprising 70 teaching slots. The pre-test (T1) was administered in slot 2, before instruction on the target words. Target-word instruction began after T1 and concluded in slot 20. The first post-test (T2) was administered in slot 21, and the follow-up test (T3) in slot 41, an interval of 20 course slots. No additional teacher-led target-word review sessions were held before either post-test.
Forms A and B were distributed randomly within each learning-sequence group to discourage copying. Their equivalence in difficulty was not established empirically.
Data Analysis
Participant-level percentage scores were analyzed separately in four 2 (Condition: AI-IMG, VERB) × 3 (Time: T1, T2, T3) repeated-measures ANOVAs. Each model used the same 65 participants and six scores per outcome. Condition has two levels, so its denominator degrees of freedom are 65 − 1 = 64. Uncorrected Time and Condition × Time have degrees of freedom 2 and 128; Greenhouse–Geisser corrections were applied to both effects in every outcome. The Condition main effect averages across occasions; paired contrasts address condition differences at T2 and T3. Analyses used Python, NumPy, pandas and SciPy, with no intermediate rounding of the recorded scores.
Eight two-sided paired t tests (four outcomes × two post-tests) formed one Holm-adjustment family. Each contrast used all 65 complete pairs. For D = AI-IMG − VERB, Δ = mean(D), SE = SD(D)/√65, the pointwise unadjusted 95% CI = Δ ± t(.975, 64) × SE, and Cohen’s dz = Δ/SD(D). Partial η² = SS(effect)/[SS(effect) + SS(error)]. Table 2 reports the paired contrasts and Appendix C the omnibus analyses. The same 65 participants contributed to the descriptive statistics and all paired contrasts.
The outcomes were analyzed separately because their task demands and score interpretations differ. No composite was calculated. These analyses do not directly test whether condition effects differ across vocabulary dimensions; H2 is considered descriptively.
Results
Preliminary Analyses
All 65 retained participants had scores for both conditions at all three testing occasions on each of the four outcomes, giving 1,560 percentage scores. No scores were missing from this analysis set, and no participant had duplicate records for the same condition, occasion and outcome. Pre-test means are reported separately by outcome in Table 1. Individual learning-sequence membership was unavailable for analysis, so sequence effects could not be examined.
Descriptive Statistics
Table 1
Vocabulary Scores by Condition, Time, and Knowledge Dimension
	Time
	Dimension
	AI-IMG M (SD)
	VERB M (SD)
	n

	T1
	Meaning precision
	34.5 (12.6)
	34.1 (12.8)
	65

	
	Collocational knowledge
	28.8 (11.4)
	29.2 (11.7)
	65

	
	Contextual application
	31.7 (12.9)
	31.2 (12.5)
	65

	
	Productive use
	22.9 (10.8)
	23.1 (10.6)
	65

	T2
	Meaning precision
	79.2 (10.9)
	75.1 (11.6)
	65

	
	Collocational knowledge
	65.8 (12.8)
	64.7 (13.1)
	65

	
	Contextual application
	77.4 (11.5)
	70.2 (12.6)
	65

	
	Productive use
	68.1 (13.4)
	60.5 (14.1)
	65

	T3
	Meaning precision
	72.8 (12.0)
	67.6 (12.8)
	65

	
	Collocational knowledge
	59.9 (13.4)
	59.1 (13.7)
	65

	
	Contextual application
	70.6 (12.6)
	63.0 (13.4)
	65

	
	Productive use
	62.4 (14.0)
	54.8 (14.7)
	65


Note. Values are M (SD). n denotes the retained analysis sample at each testing occasion; the same 65 participants contributed to every cell and paired contrast. AI-IMG = learner-generated AI-image activity; VERB = verbal semantic elaboration. Percentages do not establish equivalent measurement scales across outcomes. Bold values identify AI-IMG scores with Holm-adjusted between-condition p < .05 at the corresponding post-test (Table 2). T1 = pre-test; T2 = first post-test; T3 = follow-up.
Both conditions showed higher mean scores at T2 than at pre-test and lower means at T3 than at T2. The descriptive condition differences varied across outcomes; this pattern does not establish different treatment effects across dimensions.
Inferential Statistics
For meaning precision, the Condition effect was F(1, 64) = 11.81, p = .001, partial η² = .156. The Condition × Time interaction was F(1.86, 119.32) = 2.44, p = .095, partial η² = .037. At T2, Δ = 4.10 percentage points, 95% CI [1.31, 6.89]; at T3, Δ = 5.20, 95% CI [1.75, 8.65]. Both Holm-adjusted p values were .015. Higher post-test scores were not accompanied by a significant Condition × Time interaction.
For collocational knowledge, the Condition effect was F(1, 64) = 0.26, p = .613, partial η² = .004. The Condition × Time interaction was F(1.98, 126.98) = 0.22, p = .804, partial η² = .003. At T2, Δ = 1.10 percentage points, 95% CI [-2.11, 4.31]; at T3, Δ = 0.80, 95% CI [-3.03, 4.63]. Both Holm-adjusted p values were .993. A collocational advantage was not statistically detected; no equivalence test was conducted.
For contextual application, the Condition effect was F(1, 64) = 34.88, p < .001, partial η² = .353. The Condition × Time interaction was F(1.96, 125.16) = 6.18, p = .003, partial η² = .088. At T2, Δ = 7.20 percentage points, 95% CI [4.49, 9.91]; at T3, Δ = 7.60, 95% CI [4.19, 11.01]. Both Holm-adjusted p values were < .001.
For productive use, the Condition effect was F(1, 64) = 22.95, p < .001, partial η² = .264. The Condition × Time interaction was F(2.00, 127.88) = 7.46, p < .001, partial η² = .104. At T2, Δ = 7.60 percentage points, 95% CI [3.97, 11.23]; at T3, Δ = 7.60, 95% CI [3.90, 11.30]. Both Holm-adjusted p values were < .001.
Table 2
Paired Condition Differences at the Two Post Tests
	Outcome
	Test
	n
	Δ
	SE
	95% CI
	Holm p
	dz

	Meaning precision
	T2
	65
	4.10
	1.40
	[1.31, 6.89]
	.015
	0.36

	Meaning precision
	T3
	65
	5.20
	1.73
	[1.75, 8.65]
	.015
	0.37

	Collocation
	T2
	65
	1.10
	1.61
	[-2.11, 4.31]
	.993
	0.08

	Collocation
	T3
	65
	0.80
	1.92
	[-3.03, 4.63]
	.993
	0.05

	Contextual application
	T2
	65
	7.20
	1.36
	[4.49, 9.91]
	< .001
	0.66

	Contextual application
	T3
	65
	7.60
	1.71
	[4.19, 11.01]
	< .001
	0.55

	Productive use
	T2
	65
	7.60
	1.82
	[3.97, 11.23]
	< .001
	0.52

	Productive use
	T3
	65
	7.60
	1.85
	[3.90, 11.30]
	< .001
	0.51


Note. Δ = AI-IMG − VERB, in percentage points. All contrasts use the same 65 complete pairs. CIs are pointwise, unadjusted 95% paired-t intervals (df = 64); two-sided p values are Holm-adjusted across all eight contrasts. dz = mean(D)/SD(D). Statistics were calculated from recorded participant scores; rounding is for display only.
Summary of Findings
The outcome-specific post-test contrasts supported H1 for meaning precision, contextual application and productive use. The same three differences remained detectable at follow-up, consistent with H3. Condition × Time interactions were significant for contextual application and productive use. H2 was not directly tested: the smaller observed collocational differences form a descriptive pattern, not a demonstrated difference between condition effects. Interpretation of persistence is limited by the course sequence and any intervening target-word exposure.
Discussion
The study examines distinct components of lexical knowledge. Higher AI-IMG scores were observed for meaning precision, contextual application and productive use at both post-tests; a collocational advantage was not statistically detected. Because the outcomes were analyzed separately, their effects cannot be ranked inferentially from their significance levels or percentage-point differences. The comparison concerns the full instructional activities, including AI interaction and possible additional exposure, rather than imagery alone.
The observed pattern is compatible with a multimodal account of lexical encoding. Both conditions involved construction of a semantic situation, while AI-IMG added a visual representation. Such a representation may provide another route for interpreting a concept or using a supplied word in a sentence. This is a theoretical interpretation; cognitive mechanisms were not measured directly.
The absence of a detectable collocational advantage is consistent with the importance of conventional linguistic co-occurrence. An image may help represent a concept without explicitly teaching its customary lexical combinations. This explanation is tentative: the results neither establish equivalence between conditions nor show that imagery cannot support collocation learning.
The study also contributes to a more precise framing of AI effects. Because learners in AI-IMG interacted with ChatGPT or Gemini while learners in VERB did not, the comparison cannot isolate a pure visual effect. The appropriate claim is therefore that a learner-generated AI-image activity differs in outcome from matched verbal semantic elaboration, not that AI imagery alone causes the difference. Ye and Yan (2026) similarly caution that multimodal advantages should not automatically be attributed to the AI-generated nature of visual materials.
The findings support further investigation of AI-image activities using clearly specified lexical outcomes. They do not confirm cross-dimension selectivity. Future work could separate image viewing, AI interaction and exposure time, and directly compare effects across appropriately scaled outcomes.
Pedagogical Implications
The findings support further evaluation of learner-generated AI-image activities in meaning-focused vocabulary work and elicited sentence use. They do not establish that these activities are generally superior or that some vocabulary dimensions benefit more than others.
At the same time, visual activities should be supplemented with explicitly linguistic work. A pedagogically coherent sequence could combine semantic interpretation and AI visualization with later attention to collocation, grammatical behavior, and productive use. Such integration would align the affordances of AI-generated images with the aspects of word knowledge they are most likely to support. This integrated instructional sequence was not tested in the present study.
The instructional value of image generation should therefore be judged by its contribution to a broader lexical-learning sequence rather than by the novelty or visual quality of the images themselves.
Limitations
· AI-IMG uniquely involved AI interaction and variable learner-generated images, preventing isolation of a pure image effect and standardization of visual accuracy.
· The four tasks sample selected aspects of vocabulary depth (Nation, 2013). Form equivalence, internal consistency and independent inter-rater agreement were not established. Single-rater fractional scoring may introduce expectancy effects; findings concern the administered measures rather than validated latent dimensions.
· Repeated testing and exposure outside scheduled lessons may have influenced scores. Generation, assistance, retries and home completion may have added AI-IMG learning time; actual exposure was not controlled statistically.
· Carryover or strategy transfer remains possible. Unequal retained groups (36 and 29), unavailable individual sequence identifiers and the fixed Set A–Set B order leave pooled estimates potentially influenced by word set or instructional position.
· The 24 items and single tertiary EFL context limit generalization across lexical characteristics, proficiency levels and settings.
· Unrecorded backend model identifiers limit replication of the March–April 2026 free-service implementation.
Conclusion
AI-image activities should be evaluated against specified lexical tasks and comparison activities. This study provides evidence about performance on four separately analyzed outcomes in one university EFL course.
AI-IMG scores were higher for meaning precision, contextual application and productive use at both post-tests; a collocational advantage was not statistically detected. Separate outcome analyses do not establish cross-dimension superiority, and the comparison cannot isolate imagery from AI interaction or possible differences in exposure.
The findings support further investigation of learner-generated AI-image activities alongside explicit attention to lexical use. Interpretation remains bounded by the measures, the 24 selected items, the retained sample and potential carryover.
Generative AI Use
Generative AI supported learner image generation, multiple-choice marking and preparation of the manuscript. The author is responsible for the final text, reported analyses and interpretation.
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Appendix A
Target Words and Set Allocation
	Set A code
	Word
	Set B code
	Word

	P01
	allocate
	P13
	fluctuate

	P02
	emerge
	P14
	interact

	P03
	exclude
	P15
	specify

	P04
	integrate
	P16
	transform

	P05
	capacity
	P17
	proportion

	P06
	component
	P18
	network

	P07
	category
	P19
	sequence

	P08
	mechanism
	P20
	dimension

	P09
	adequate
	P21
	flexible

	P10
	external
	P22
	physical

	P11
	relevant
	P23
	apparent

	P12
	temporary
	P24
	approximate


Set A comprised P01–P12; Set B comprised P13–P24. Group 1 (n = 36) learned Set A through AI-IMG then Set B through VERB; Group 2 (n = 29) learned Set A through VERB then Set B through AI-IMG. Counts refer to retained participants.
Appendix B
Scoring Summary
Each of the first three outcomes contained 12 items per condition, combining multiple-choice and gap-fill items. Multiple-choice answers received 0 or 1; gap-fill answers received 0–1 for completeness, spelling and accuracy. Fractional judgments depended on the response context. Each outcome had a maximum of 12 raw points. Productive use required six sentences, each worth 0–2, also giving a maximum of 12. Each percentage was 100 × raw total / 12.
	Productive-use criterion
	Scoring consideration

	Semantic appropriacy
	Accuracy of the intended target meaning.

	Contextual fit
	A plausible context demonstrating appropriate lexical use.

	Grammatical and collocational accuracy
	Appropriate structure and lexical combinations.


The teacher assigned one holistic score from 0 to 2 for each sentence. Fractional credit reflected partial success in conveying the intended meaning and using the target word appropriately in context; the criteria were not separately weighted.
Appendix C
Repeated Measures ANOVA Results
	Outcome
	Effect
	F
	df1, df2
	p
	Partial η²
	ε

	Meaning precision
	Condition
	11.81
	1.00, 64.00
	.001
	.156
	1.000

	Meaning precision
	Time
	1049.97
	1.93, 123.34
	< .001
	.943
	0.964

	Meaning precision
	Condition × Time
	2.44
	1.86, 119.32
	.095
	.037
	0.932

	Collocation
	Condition
	0.26
	1.00, 64.00
	.613
	.004
	1.000

	Collocation
	Time
	514.80
	1.99, 127.64
	< .001
	.889
	0.997

	Collocation
	Condition × Time
	0.22
	1.98, 126.98
	.804
	.003
	0.992

	Contextual application
	Condition
	34.88
	1.00, 64.00
	< .001
	.353
	1.000

	Contextual application
	Time
	750.79
	1.99, 127.17
	< .001
	.921
	0.994

	Contextual application
	Condition × Time
	6.18
	1.96, 125.16
	.003
	.088
	0.978

	Productive use
	Condition
	22.95
	1.00, 64.00
	< .001
	.264
	1.000

	Productive use
	Time
	699.00
	1.95, 125.01
	< .001
	.916
	0.977

	Productive use
	Condition × Time
	7.46
	2.00, 127.88
	< .001
	.104
	0.999


Note. n = 65 in every model. Time and Condition × Time use Greenhouse–Geisser-corrected degrees of freedom and p values. The Condition effect uses df = 1, 64. These p values are per-effect ANOVA tests; Holm correction applies to the eight paired post-test contrasts in Table 2. Partial η² uses the error term corresponding to each effect.

