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This study examines how DALL-E 3 interprets English descriptions written by 
Indonesian university students. Sixteen descriptive texts were submitted to 
the artificial intelligence (AI) tool, and the resulting images were compared to 
original photos. Most outputs showed clear mismatches. The analysis found 
that misinterpretations originated from two main sources: grammatical and 
vocabulary patterns reflecting Indonesian English and broader stylistic choices, 
such as the use of vague, emotional, or abstract language. The study also found 
that a high level of concrete detail could often mitigate the negative effects of 
non-standard grammar. The findings suggest that current AI tools are not yet 
equipped to fairly process the full range of human linguistic variation, from local 
English features to the stylistic patterns of human-centric writing. To support 
more inclusive use of AI in education, this study adapts the established concept 
of intelligibility into the idea of “digital intelligibility,” and recommends improv-
ing training data and creating classroom space for open discussions about AI 
bias toward language diversity and stylistic choices. 

Keywords: World Englishes, language variation, AI bias, text-to-image genera-
tor, intelligibility

Introduction

The rapid development of artificial intelligence (AI) has changed many aspects 
of people’s daily life. One important development is the rise of generative AI sys-
tems that can turn written text into images. A well-known example is OpenAI’s 
DALL-E 3, which creates detailed images based on text prompts. While the sys-
tem appears to be highly advanced, its output depends heavily on how closely 
the user’s input matches the language patterns found in its training data.

As these tools become more widely used in education, concerns have 
emerged about their ability to understand the many different English variet-
ies used around the world. From a sociolinguistic standpoint, these varieties 
are part of what scholars call World Englishes or localized forms that reflect 
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the cultural, social, and linguistic backgrounds of non-native speakers (Kachru 
et al., 2009). One such emerging variety is Indonesian English, which shows 
distinct patterns in vocabulary, grammar, and pronunciation shaped by local 
linguistic patterns. However, most AI models are trained mainly on “standard” 
English, such as American English (Payne et al., 2024), which may limit their 
ability to process localized inputs effectively. 

Some existing studies (e.g. Bailey et al., 2025; Jackson et al., 2024) have con-
firmed that AI systems often struggle with non-standard English varieties. 
However, despite these findings, little attention has been given to how such AI 
systems respond to non-standard Englishes in real classroom contexts, espe-
cially in multilingual settings where students regularly use localized forms of 
English. 

Many studies in English Language Teaching (ELT) focus on the practical 
pedagogical use of AI in classrooms, for example, as tools for writing support, 
conversational practice, and language learning enhancement. Some recent 
studies, as listed in Floris (2025), have examined both the potential benefits 
and limitations of implementing such tools in ELT contexts. However, these 
studies do not address how well AI tools understand the kinds of English stu-
dents actually use.

To address this gap, the present study explores how DALL-E 3 interprets 
English descriptions written by Indonesian university students. It focuses on 
whether features such as local vocabulary, cultural references, and Indonesian-
influenced word order affect the AI tool’s ability to generate accurate visual 
representations. This study treats AI tools as “reader” and asks what happens 
when it encounters English that departs from standard norms.

Importantly, this study does not treat the students’ English as “incorrect.” 
Instead, it follows the view that many of these features reflect natural patterns 
in emerging localized varieties such as Indonesian English, even if this vari-
ety is not yet formally codified. In this sense, the goal is not to correct student 
writing but to examine how AI systems respond to variation that falls outside 
dominant norms.

This study investigates two key questions: 
–	 How accurately does DALL-E 3 interpret descriptions written in 

Indonesian English?
–	 Which language features of Indonesian English lead to misinterpretation 

in the generated images?

To frame this research within current academic discussions, the next section 
reviews relevant literature on World Englishes, Indonesian English, and AI’s 
engagement with English language diversity. 
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Literature review 

World Englishes 

World Englishes refers to the many different varieties of English used around 
the world. The concept, introduced by Kachru (1992), challenges the domi-
nance of native-speaker norms by recognizing localized varieties, such as 
Indian English, Nigerian English, and Singaporean English. These varieties 
follow their own linguistics patterns and rules to meet the communicative 
needs of their users, reflecting their local identities, values, cultures and social 
settings. The World Englishes concept encourages people to see English as a 
global language with many legitimate forms, not just one correct version, such 
as American or British English.

Scholars working within the World Englishes framework often draw on 
the concepts of intelligibility, comprehensibility, and interpretability to 
explain how communication functions across different English varieties. 
Intelligibility refers to one’s basic ability to recognize words or utterances, 
focusing mainly on pronunciation and phonological clarity (Smith & Nelson, 
1985). Comprehensibility involves understanding the meaning of those words 
in context (Matsuura, 2007). Interpretability refers to the ability to grasp the 
intended meaning, which includes pragmatic and cultural cues (Kachru, 2008). 
These concepts help explain why speakers of different Englishes can still com-
municate successfully, even if their grammar, vocabulary, or pronunciation 
differs. This success is often made possible through shared context, willingness 
to adjust, and cultural awareness. 

However, such human flexibility does not easily translate to AI systems. 
Unlike people, AI tools rely on fixed training data and statistical patterns to 
interpret language. As a result, they may struggle to process English varieties 
that do not match the norms they were trained on, which are typically based 
on forms like American English (Payne et al., 2024). Understanding this limita-
tion sets the stage for examining how DALL-E 3 handles Indonesian English.

Indonesian English

Indonesian English has developed its own unique characteristics due to 
Indonesia’s diverse language environment and education system, where 
English is taught as a compulsory subject in high schools. Although this vari-
ety has not yet been formally codified as a recognized variety, recent studies 
(e.g., Daeng & Weda, 2019; Endarto, 2020; Hamsa & Weda, 2019; Mahmud & 
Slabakova, 2020; Martin-Anatias, 2018; Mulder & Marentek, 2017; Percillier, 
2015; Pipit & Rahyono, 2020; Syam et al., 2024) have shown that it displays con-
sistent linguistic features shaped by local usage and sociolinguistic context. It 
has distinct features in vocabulary, grammar, and pronunciation. 

Vocabulary. One of the most notable aspects of Indonesian English is its distinc-
tive vocabulary. According to Endarto (2020), the lexical features of this vari-
ety can be categorized into four groups, namely: (1) loanwords of Indonesian 
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origin, (2) words shaped by semantic shifts, (3) words influenced by morpho-
logical changes, and (4) distinctive collocations. 

Many Indonesian or local terms have been borrowed directly into English 
use. These borrowed words often describe cultural concepts, objects, or daily 
practices that do not have exact matches in standard English (Endarto, 2020).  
For example, cultural and religious terms such as Galungan (Balinese Hindu 
festival), Nyepi (Balinese Hindu Day of Silence), Waisak (Vesak or Buddha’s 
Day) are widely used in Indonesian English. Titles and addressing terms like 
Bu (Madam) or Pak (Sir) are also included, as well as local food names such as 
tumpeng (a cone-shaped rice dish served with side dishes), rendang (a slow-
cooked spicy beef dish), and rawon (a black beef soup from East Java). Some 
loanwords, like batik, gamelan, and orangutan, are already integrated into 
international English dictionaries (Endarto, 2020).

In addition to borrowing, Indonesian English often involves changes in 
meaning. Words familiar to native English speakers may carry different inter-
pretations or cultural connotations in Indonesian contexts (Endarto, 2020). For 
instance, the word terminal is used to mean bus station in Indonesian English, 
while in standard English it usually refers to a specific part of an airport or 
station. 

Morphological adaptations are also common. Indonesian English speakers 
may modify English word forms by adding local prefixes or suffixes, align-
ing them more closely with Indonesian linguistic norms (Endarto, 2020). 
For example, staff is frequently used as a countable noun referring to one 
employee, whereas in standard English staff is typically uncountable, meaning 
all employees.

Furthermore, Indonesian English has creative lexical blending and hybrid 
word combinations, especially in informal communication. Speakers fre-
quently mix Indonesian and English elements, especially to express emotions 
or interpersonal feelings (Endarto, 2020; Martin-Anatias, 2018).  Distinctive 
collocations also appear, such as discuss about or explain about, which directly 
reflect Indonesian usage where verbs like berdiskusi (discuss) or menjelaskan 
(explain) are normally followed by the preposition tentang (about).

Grammar. In addition to vocabulary, Indonesian English shows distinct 
grammatical features. One of the most noticeable differences is how speakers 
express time through verbs. Since Indonesian lacks verb conjugation to show 
when something happened (past, present, or future), Indonesian English users 
often encounter difficulties with English verb tenses. They might say I go yes-
terday instead of I went yesterday or use tenses inconsistently because these 
patterns are absent in Indonesian (Pipit & Rahyono, 2020). In contrast, standard 
English uses specific verb inflections, such as adding -ed or -s, to clearly mark 
time and subject agreement. 

Sentence structure in Indonesian English generally follows the basic sub-
ject-verb-object (SVO), which is similar to English. However, the influence of 
Indonesian grammar can result in subtle shifts in word order or clause con-
struction (Daeng & Weda, 2019). For example, in Indonesian the head of a noun 
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phrase usually precedes the modifier, while in English the modifier normally 
comes before the head. This structural difference can influence Indonesian 
English sentence patterns, making them diverge from standard English norms 
(Daeng & Weda, 2019). While these differences might not affect basic under-
standing, they can make the sentence sound unusual to other speakers of 
English or AI systems trained on standard structures.

Code-switching is one feature of Indonesian English, referring to the mixing 
of Indonesian and English words in the same sentence. This practice is widely 
observed among Indonesians using English, particularly youngsters and pub-
lic figures (Endarto, 2020). For example, someone might say I suka this movie, 
blending English with the Indonesian word suka (meaning like). This mixing is 
especially common with nouns and often reflects social or emotional expres-
sion (Martin-Anatias, 2018). Standard English, by contrast, tends to maintain 
language separation, switching between complete sentences rather than mix-
ing within sentences.

Indonesian English also shows non-standard grammar patterns. Percillier 
(2015) reports frequent verb deletion, including copular, lexical, and even 
modal verbs, as in The beach so far away from here where the copula is is 
omitted. Indonesian English also displays relative pronoun deletion, produc-
ing forms such as the first table Ø will finish it. Mahmud and Slabakova (2020) 
note that Indonesian English often shows omission of inflections, low use 
of the third-person singular -s, and omission of copula or auxiliary be. They 
also observe overuse of bare verb forms in contexts that require finite verbs. 
Examples include she go to school, she eat a mango, he Ø happy, the dog want 
come, and she say something. These features can differ significantly from other 
Southeast Asian Englishes like Singaporean or Malaysian English (Percillier, 
2015). They also contrast with standard English, which generally has verb end-
ings, copula, and auxiliary verbs. 

Another significant feature involves number marking and plural formation. 
Mulder and Marentek (2017) report that Indonesian English speakers often 
leave the head noun in a noun phrase unmarked for plurality when other ele-
ments in the phrase, the discourse, or the context already indicate plurality. 
This reflects the influence of Indonesian, where plurality is usually implied 
rather than marked. Endarto (2020) adds that Indonesians transfer morpho-
logical features from their first language into English, as in the case of staff 
being used as a countable noun (a staff, staffs), while in standard English it is 
normally uncountable. Standard English, by comparison, has rules that dis-
tinguish between count and mass nouns, and generally adds -s or -es to mark 
plurals, although irregular forms also exist.

Another pattern involves adjective placement. In Indonesian, adjectives 
typically come after the noun, such as house big instead of big house. This 
word order directly reflects Indonesian grammar, where modifiers follow the 
noun they describe (Hamsa & Weda, 2019). Standard English, in contrast, places 
adjectives before the main noun in a fixed order.

Indonesian English also shows some differences in the use of prepositions. 
Mulder and Marentek (2017) explain that this comes from the influence of 
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Indonesian grammar. Sometimes prepositions like on, in, and at are used in 
the same way, because their Indonesian equivalents are also used interchange-
ably. In other cases, a preposition may be left out because its meaning is already 
clear from the verb or noun, which is common in Indonesian. There are also 
cases where one preposition is used instead of another, such as with instead of 
from (e.g. separated with), following the Indonesian preposition dengan (with). 
Mulder and Marentek (2017) also note that Indonesian English users may add 
a preposition even when standard English would not. For example, on may be 
added after discuss (e.g. discuss a lot on this subject) to emphasize the topic. 
Finally, prepositions can be used with a different meaning from standard 
English, such as of in elected of the people where standard English would use 
by, or on in setting ambitious targets on emission reduction where standard 
English would normally use for.

Pronunciation. Indonesian English also has distinct pronunciation patterns, 
such as simplified consonant clusters, reduced diphthongs, and flat intonation 
(Syam et al., 2024). While these features are part of the variety, they are not 
included in this study because the focus is on how written language, not speech, 
influences AI interpretation.

To sum up, Indonesian English features unique vocabulary, grammar, 
and pronunciation patterns shaped by the local language and cultural con-
text. These features make Indonesian English noticeably different from other 
English varieties.

AI and English language diversity

AI models are often trained in a wide range of languages, which helps them 
understand and process different linguistic structures and vocabularies 
(Nicholas & Bhatia, 2023). However, this training typically emphasizes distinct 
languages, such as Spanish, Arabic, or Mandarin, rather than the varieties 
within a single language such as Nigerian English, Singaporean English, or 
Indonesian English. 

Non-standard English varieties are often missing because the training data 
is mainly taken from the Web, where certain dominant forms of English appear 
more often. As Caines et al. (2025) point out, the training methods used in these 
systems tend to prioritize frequent language patterns. This means that lan-
guage forms used more often are treated as more acceptable, while less com-
mon varieties, such as regional or localized Englishes, are underrepresented 
or overlooked.

This gap in representation has practical consequences. AI tools often mis-
interpret or ignore features of English varieties and treat them as errors that 
should be corrected. For instance, Jackson et al. (2024) found that GPT-4 per-
formed inconsistently when handling Trinidadian English Creole (TEC). While 
it could translate pronouns and basic grammar fairly well, it failed to recognize 
many vocabulary items. Only 39% of TEC-generated sentences were rated fully 
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grammatical by GPT-4. In many cases, the AI system classified TEC as incorrect 
English and attempted to revise it into standard forms. 

Similar results appear in writing contexts. Lee et al. (2025) showed that 
ChatGPT-4 defaulted to Native English norms even when asked to produce 
essays in Korean English. It ignored typical features such as borrowings like 

“hand phone” (commonly used in Korean English) and topic-prominent word 
order or selective subject omission, which are natural to Korean discourse. The 
tool produced simplified standardized forms; and when giving feedback on 
learner texts, it focused only on standard grammar and vocabulary. ChatGPT-4 
did not consider whether the text was communicatively effective in its local 
context or reflected Korean cultural identity. 

Similar bias appears in speech-based systems. Bailey et al. (2025) reported 
that speech-based AI systems, such as ASR (automatic speech recognition), tend 
to underperform when interacting with English varieties like African American 
English (AAE), especially in educational assessments. These shortcomings are 
often due to differences in pronunciation, word choice, or syntax as these fea-
tures that were not adequately represented in the training data. As a result, stu-
dents who use AAE received inaccurate feedback or low scores in AI-supported 
learning platforms. 

The “communication” problems between users and AI tools highlight a 
deeper issue. Unlike human listeners, AI tools cannot ask for clarification or 
use context to figure out what a speaker means when the language is unfamil-
iar. Instead, AI expects the input to match what it already knows. As Harris et 
al. (2024) explain, this puts the burden on users, especially those who use non-
standard English, to change how they speak or write in order to be understood, 
rather than the AI systems adapting to them.

People often try to overcome these limits by adjusting how they speak to AI. 
Thomas et al. (2020) found that users tend to simplify their language, change 
word choices, or modify their tone to match what the system can understand. 
These adjustments help avoid confusion but also show how much users must 
work to make the system function smoothly.

In educational settings, these misunderstandings can affect learning out-
comes. Students may receive poor or inaccurate feedback because their English 
does not match the model’s expectations. When these patterns are framed as 

“mistakes,” it risks reinforcing the belief that only standard English is accept-
able. This study pushes back against that view by framing localized English as 
legitimate language use.

As Sartori and Theodorou (2022) argue, AI tools are not neutral; they reflect 
the choices and assumptions built into them. When used in classrooms, these 
tools can increase the risk of unfair treatment. Students whose English reflects 
local norms may receive inaccurate feedback or lower scores, not because 
their writing is unclear, but because the AI system does not recognize their 
way of using English. This is particularly relevant in multilingual settings like 
Indonesia, where students’ English often reflects local influences.

These challenges emphasize the need for more inclusive AI design. Systems 
that aim to support language learning must be able to recognize and respond to 



8

Floris: Artificial intelligence struggles w
ith w

orld Englishes

The
JALT CALL 

Journal
 vol. 21 no.3

the many forms of English in use around the world. Without this ability, there 
is a risk that AI tools will continue to misunderstand students and reinforce 
narrow ideas of what English should look like.

Method

Participants

This study was conducted during a regular Writing 1 course at a private uni-
versity in Indonesia. All sixteen participants were first-year English-major stu-
dents enrolled in the course. The participants’ English proficiency levels were 
determined by their university entrance exam results. Based on these results, 
ten students were at the intermediate level, four at the pre-intermediate level, 
and two at the advanced level. The university used these exam results to divide 
students into classes, and the present Writing 1 class was one of the two parallel 
classes formed in this way. The researcher did not determine the grouping of 
students. Therefore, the varying proficiency levels are reported here as back-
ground information only, not as a factor analyzed in relation to their writing 
performance. 

Data collection

The Writing 1 course focused on paragraph writing, and students were intro-
duced to both descriptive and narrative paragraph structures. This research 
was integrated into one of the required assignments, i.e. writing a descriptive 
paragraph.

At the time of the study, the researcher was also the students’ teacher. This 
dual role is common in classroom-based research and allows for deeper insight 
into learners’ behaviors, language use, and task engagement (Hopkins, 2014). 
It enables the researcher to observe naturally occurring learning processes 
and respond to students’ needs during the task while ensuring consistency in 
instruction and classroom support. 

To address ethical considerations, students of the present Writing 1 class 
were clearly informed that their writing might be used for research purposes, 
that their participation in the research was voluntary, and that it was unrelated 
to their grades. All gave verbal agreement and written consent. In this study, 
all student names were replaced with pseudonyms to protect their identity.

The assignment asked each student to take a photograph of a familiar 
location on campus, using their smartphones. In the following class sessions, 
these students used the photo to write a 100–150-word descriptive paragraph. 
Students were instructed to write for a human audience and were not informed 
that their texts would be used as AI prompts. The writing process took place 
over two 120-minute class meetings. All stages of the writing task were com-
pleted in class, including outlining, drafting, editing, and submitting the final 
version. 

As part of the classroom practice, the students were not allowed to use 
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digital devices during the writing sessions but were permitted to use printed 
dictionaries. This decision was supported by research showing that printed 
dictionaries can lead to better vocabulary retention than electronic alterna-
tives, particularly when learners spend more time actively engaging with word 
forms and meanings (Chiu & Liu, 2013). This approach was also consistent with 
the course’s pedagogical focus on building foundational writing skills and pro-
moting language awareness. 

The class was designed to be a supportive space where these students could 
learn comfortably, ask questions, and work with each other without fear of 
making mistakes. In addition to peer support, the students were also welcome 
to ask the teacher for clarification and guidance as they worked through each 
stage of the task.

Data analysis

This study’s analysis was designed to explore how DALL-E 3, treated as a non-
human “reader”, interpreted descriptive paragraphs written by English lan-
guage learners. Once the final descriptions were collected, each student writ-
ing was entered verbatim by the teacher (the researcher) into the DALL-E 3 
text-to-image generator using the default web interface. No edits or additions 
were made to the input, so the writing stayed in its original classroom form.

This procedure avoided researcher bias. However, this also created a key 
methodological consideration. Because students were instructed to write a 
descriptive paragraph for a human audience and were unaware of the AI, it 
was anticipated that any mismatches could originate from various sources 
within the texts, such as the documented features of Indonesian English, and 
the broader stylistic choices that are a natural part of writing for people.

Once the AI-generated images were produced, they were printed out to be 
compared with the students’ original photographs. During the comparison ses-
sion, each student’s original photo was displayed alongside the corresponding 
AI-generated image. To evaluate how accurately the AI interpreted the writ-
ten descriptions, two independent raters reviewed each image pair. Both rat-
ers were experienced writing teachers, each with over 15 years of teaching 
experience, and were colleagues of the researcher from the same department 
and university. The researcher facilitated the process but did not participate 
in assigning outcome labels. Neither of the raters was involved in guiding the 
writing task.

Each rater independently assigned one of the following outcome labels:
–	 Close match – the AI image captured the setting, key objects, and general 

mood.
–	 Partial match – the scene was recognizable but included one or two 

noticeable inaccuracies.
–	 Mismatch – the AI image showed major errors or unrelated content.

Each rater was also asked to provide a brief justification for their decision. In 
cases where the assigned label differed, the raters would have discussed their 
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reasoning to reach agreement. However, in this study, no major disagreements 
occurred during the process. 

The labels and their descriptions were developed by the researcher to sup-
port a straightforward, non-numerical evaluation of visual similarity. In line 
with the qualitative nature of this study, these categorical labels were designed 
to focus on patterns of interpretation rather than measurement. As Sandelowski 
(2000) argues, qualitative research emphasizes meaning over metrics, and the 
use of simple descriptive categories allows for flexible, context-sensitive judg-
ment without reducing interpretation to numbers. Before rating all the image 
pairs, both raters joined a short practice session using a few sample images. 
This helped ensure that both raters shared a common understanding of the 
categories and applied them in a consistent way.

After the evaluations were completed, the results were shared with the stu-
dents. They were invited to comment if they disagreed with the assessments, 
but no objections were raised. The students’ agreement helped confirm that 
the evaluations made by the raters were reasonable and fair. 

The student-written descriptions were uploaded into ChatGPT-4 for analy-
sis. The researcher used it to help identify recurring vocabulary and grammar 
features in the texts. Phonological features were not included, as they were not 
relevant to the written data. 

These AI-generated suggestions served as a starting point, but all linguis-
tic features were manually reviewed and refined by the researcher. The 
researcher also consulted the literature on Indonesian English to guide the 
classification and naming of these features. To support validation, some of the 
student texts were shared with the two external raters mentioned earlier. The 
raters reviewed the features alongside these samples to confirm that the cat-
egories were clearly defined, consistently applied, and grounded in both the 
data and relevant theory.

With the evaluation process complete, the next section presents the key find-
ings and explores how features of the students’ English may have influenced 
the way the AI interpreted their descriptions. 

Findings

While the research questions focused on Indonesian English, the analysis also 
revealed that stylistic choices in descriptive writing contributed to mismatches. 
These are reported alongside Indonesian English features to provide a fuller 
account of the data.

When DALL-E 3 misunderstands: how language features affect image 
accuracy

This section addresses the research question of how features of Indonesian 
English influence DALL-E 3’s image outputs. The findings reveal a consistent 
pattern of misinterpretation. Out of the sixteen student descriptions analyzed, 
the majority (fourteen) produced clear mismatches when compared to the 
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original photographs. The remaining two (S14 and S2) resulted in only partial 
matches, and none of the descriptions generated an image that was considered 
a close match. The accuracy of the AI output seems to depend more on the level 
of concrete visual detail than on grammatical correctness. 

For example, S14’s description of the rooftop garden was written in non-
standard English, with some grammar patterns likely influenced by his first 
language. S14’s writing showed features typical of locally shaped English use, 
such as missing plural endings, expressions like “look-like,” and phrasing 
such as “the garden that located at 8th floor.” However, he included concrete 
details such as “a grey bridge with white fences,” “six white block of stairs,” 
and “three oval-shaped pool of grass and yellow tulips.” The specific visual cues 
gave DALL-E 3 enough guidance to generate an image that was more accurate 
than most others. The two images in Figure 1, showing S14’s original photo 
and the AI-generated image, illustrate how concrete visual details reduced the 
effect of non-standard grammar and allowed the AI to interpret the scene more 
successfully.

 

Figure 1. Original photo of the rooftop garden (top) and AI-generated image based on S14’s 
description (below) 
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In contrast to S14’s partial match, the descriptions by S4, S8, and S13 resulted in 
clear mismatches between the students’ intended scenes and the AI-generated 
images. S4 described one of the campus canteens with general phrases like 

“very spacious,” “lots of table and bench,” and “lots of option when it comes to 
food choices.” These words suggest the place is large and active, but he did not 
explain how the canteen actually looks. He did not mention the layout, the kind 
of tables and benches, the ceiling, lighting, or other details that could help the 
AI picture the space more clearly. Because of this, DALL-E 3 filled in the gaps 
using what it knows from other images of food courts. It imagined a big, mod-
ern place with rows of food stalls, and tall glass ceilings. However, this did not 
match the real canteen, which is smaller, simpler, and more casual. This case 
shows how vague expressions, such as “lots of,” reduce clarity for AI systems. 
These are not recognized features of Indonesian English in the literature, but in 
this study, they were found in student writing and contributed to mismatches.

S8 described the campus Love Garden using emotional phrases like “makes 
me feel good” and “nice properties.” Although she mentioned a few visual 
details, such as “25 accessories like a lock heart shape red” and “a small stage 
around 1×1 meter”, the description did not clearly explain what the garden 
looked like overall. She did not say where the locks were placed, how they 
were arranged, or how the space was set up. Because these visual details were 
vague, DALL-E 3 filled in the missing parts by guessing. The result was a color-
ful, decorative garden full of large heart-shaped locks hanging from trees and 
walls. This is something that looked very different from the simple display 
in the real photo. This shows that when a description relies more on feelings 
than on clear visual explanation, the AI may end up creating something more 
imagined than real.

In S13’s case, her night-time description of the main campus lobby focused 
strongly on mood and feeling rather than physical details. She used vivid 
phrases: “eerie,” “ominous shadows,” “desolate voids,” and “untrustful noises” 
to describe the atmosphere, but she did not explain the layout, shape, or mate-
rials of the space. There was no mention of the building’s structure, lighting 
fixtures, or how the tables and plants were arranged. Because of this, DALL-E 
3 relied heavily on her emotional tone and filled in the missing details with its 
own visual interpretation of “eerie” and “ominous.” The result was a dramatic, 
almost horror-style image with dim lighting, heavy shadows, and an aban-
doned look. This is far from the actual setting, which is simply a quiet, open-air 
campus area at night. The two images in Figure 2, showing the original photo of 
the campus lobby at night and the AI-generated image, illustrate how abstract 
and emotional language led the AI to imagine a horror-like scene rather than 
reproduce the real setting.
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Figure 2. Original photo of the main campus lobby at night (top) and AI-generated image based 
on S13’s description (below)

Overall, the findings show that DALL-E 3 does not consistently interpret stu-
dent-written descriptions with high accuracy when the text contains vague 
expressions, non-standard grammar, or lacks specific visual information. Some 
of the patterns observed, such as plural –s omission, unusual verb forms, or dis-
tinctive prepositional use, have been documented in the literature as features 
of Indonesian English (e.g., Mahmud & Slabakova, 2020; Mulder & Marentek, 
2017). Others, such as vague quantifiers or heavy use of emotional language, 
are not considered as features of Indonesian English but appeared in this data-
set. Both types of patterns reduced clarity for the AI and contributed to mis-
matches. However, the AI’s accuracy improved when descriptions included 
concrete visual details, such as colors, shapes, and numbers. This was true 
even when non-standard grammar was used, which suggests that for DALL-E 
3, a high level of detail was more important than the other language patterns.
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When language patterns shape AI output: Which features confused 
DALL-E 3

DALL-E 3 often misunderstood the students’ descriptions, producing images 
that did not closely match the original photographs. The language patterns 
responsible for these mismatches appeared to originate from two main sources. 
The first source is a set of grammatical patterns that are consistent with docu-
mented features of Indonesian English found in existing studies. The second 
source is a range of other stylistic choices that appeared to be more specific to 
the context of this study. All of them, however, affected how DALL-E 3 inter-
preted the scene described in the text.

The key language patterns that caused misalignment between student texts 
and image outputs are summarized in Figure 3 and discussed in more detail 
below. 

Grammar patterns. 
–	 Plural –s omission: The students often omitted plural markers. For 

example, S1 wrote “3 portion”, and S2 described “more than 20 table 
and 80 chair”. This aligns with research on Indonesian English, which 
notes that speakers often leave nouns unmarked for plurality due to 
the influence of Indonesian grammar, where plurality is often implied 
by context (Mulder & Marentek, 2017). However, this led DALL-E 3 to 
misjudge quantity and either under- or overestimate how many objects 
should appear in the image.

–	 Optional subject–verb agreement: Examples include such as “canteen 
Q have much space” (S2), “each table have six planted power outline” 
(S5), and “this place also have a very nice view” (S7). This is a 
documented feature of Indonesian English, linked to the low use of the 
third-person singular –s and omission of auxiliary verbs (Mahmud & 
Slabakova, 2020). Such variation may have made it harder for DALL-E 
3 to match subjects with actions or descriptions, especially when there 
were multiple objects mentioned in the sentence.

–	 Bare past verb: Instead of using past tense forms, the students often used 
base verbs, as in “I wait for my friends” (S7) and “I visit here with 10 of 
my friends” (S2). Indonesian English has been shown to rely heavily on 
bare verbs due to the lack of verb conjugation to show when something 
happened (Mahmud & Slabakova, 2020; Pipit & Rahyono, 2020). This may 
have led DALL-E 3 to interpret or treat the events as present or general, 
not something that happened in the past, which could affect how the 
scene was shown.

–	 Article variation: Articles were sometimes added where not needed 
(“a beautiful sceneries”, S7), omitted (“Entrance at Q building”, S16), or 
mismatched (“has a good facilities”, S10). While not widely documented 
as a specific feature of Indonesian English in the literature, this was a 
recurring pattern in the student writing. These variations likely made it 
harder for the AI to recognize noun types or to understand what kind of 
object or scene to show.
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Note: Image generated by Napkin AI (2025)
Figure 3. Key language patterns that affected DALL-E 3 image accuracy
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–	 Mass noun pluralisation: Words like “cool furnitures” (S5), “the foods 
in canteen W” (S4), and “beautiful sceneries” (S7, S14) were treated as 
countable. This is consistent with Indonesian English usage, where words 
like staff, food, and furniture are often pluralized due to the influence of 
the first language (Endarto, 2020).  As AI image generation often depends 
on detecting known object categories, these words may have caused it to 
show excessive or mismatched visual elements.

–	 Prepositions influenced by Indonesian: Phrases such as “different with 
library” (S6) and “comfortable to stayed long at here” (S2), “sit at there 
for a long time” (S10), and “compared than the other hallway” (S7) reflect 
direct translation from Indonesian. This pattern aligns with established 
research on Indonesian English, which notes that distinctive prepositional 
uses (e.g., “different with”) are directly shaped by the grammar of the 
local language (Mulder & Marentek, 2017). These may have led DALL-E 
3 to misplace objects or create layouts that did not match the intended 
scene.

–	 Post-verbal adjectives and verb–adjective blends: Some students 
combined verbs with adjectives in a way influenced by Indonesian 
structure, such as “makes me relaxing” (S8), “makes me can be relax” (S9), 
or “want to relaxing” (S15). While not documented with these exact words, 
these non-standard verb constructions are consistent with documented 
features of Indonesian English, such as unconventional verb patterns 
(e.g., Mahmud & Slabakova, 2020; Percillier, 2015).  These blended forms 
may have made it unclear whether the sentence described an action or a 
feeling, which could affect how the AI generated the scene.

–	 Indonesian clause structures: Some students used sentence patterns that 
follow Indonesian grammar, e.g., “What the different this garden and the 
others is …” (S8) or “There are three reason why I like this canteen” (S2), 
and “the canteen only have 2 rows than canteen Q” (S3). These patterns 
align with what Daeng and Weda (2019) describe as the subtle shifts in 
word order or clause construction found in Indonesian English. These 
patterns deviate from standard English, which may have reduced prompt 
clarity and made the meaning less clear for the AI.

Vocabulary patterns.
–	 Loanwords and local terms: Although nearly all of the students kept 

to English, a few slipped in Indonesian food names that have no clear 
English equivalents. S2, for instance, mentioned “ayam lalapan” and “nasi 
lemak”, while S4 referred to “pangsit mie”. The use of such loanwords 
for local food and cultural items is a documented feature of Indonesian 
English (Endarto, 2020). Because DALL-E 3’s training data does not always 
map these local dishes to clear visuals, the AI either ignored the words 
or replaced them with random cafeteria food. 

–	 Distinctive collocations and blends: Some students used English word 
combinations that were grammatically correct but unusual in global 
usage, likely influenced by Indonesian phrasing or direct translation. 
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This aligns with research identifying distinctive collocations and 
lexical blends as features of Indonesian English (Endarto, 2020; Martin-
Anatias, 2018). For example, S5 wrote “lift up my mood,” a phrase that 
makes sense to local readers but is not commonly used in standard 
English, where expressions like “cheer me up” are more typical. S8 
described a garden as having “nice properties,” which may have been 
intended to mean “nice features”, but the word “properties” in this 
context sounds vague and slightly off. These word combinations may 
have confused DALL-E 3 and led it to focus more on mood or style 
instead of showing what the place actually looked like.

–	 Vague quantifiers and incomplete descriptions: Many students used 
general terms like “lots of,” “many,” or “several” without giving 
clear amounts or specific details. While not a documented feature of 
Indonesian English, this was a common pattern in the student data. 
For example, S14 described “lots of green grass and several orange 
tulips,” which may have led DALL-E 3 to exaggerate the size of the 
garden or overfill the scene with plants. S2 used phrases like “many 
table with bright color chair” and “many food outlet,” which may have 
encouraged DALL-E 3 to insert more tables and larger food counters 
than were actually there. Some other students omitted clear spatial 
details such as where objects were placed or what size they were. S7, 
for example, wrote, “I can see a lot of house from several kilometres,” 
without saying from which vantage point. S3, who described one of the 
canteens available, said that the canteen “only have 2 rows” and “only 
have 3 food stands,” but did not explain how these were arranged or 
where they were located. These details hint at the space’s simplicity 
and emptiness, but without layout cues, DALL-E 3 had to guess and 
filled in the gaps using its own assumptions.  

–	 Superlatives: The use of unsupported superlatives is not an established 
feature of Indonesian English but was found in this dataset. Some 
students used superlatives to express strong opinions or comparisons, 
but they did not include concrete measurements or physical limits to 
support these claims. For example, S2 wrote that “canteen Q have the 
highest ceiling than other canteen” and S3 stated that “canteen T is 
the best canteen ever.” These kinds of statements may be meaningful 
to the students, but without more detail, such as actual ceiling height 
or reasons why one space is “better”, the AI responded by creating 
exaggerated scenes. For instance, DALL-E 3 created images with extra-
tall buildings, fancy lighting, or modern designs that did not appear in 
the original photos. 

–	 Dramatic vocabulary: Some students used strong or dramatic language 
that may have caused the AI to imagine the place as more luxurious 
or futuristic than it really was. These expressions showed how the 
students felt, but they did not give clear details about what the place 
looked like. Such uses of dramatic vocabulary are not documented 
features of Indonesian English; they reflect writing patterns found in 
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this group of students. For example, S11 described one of the campus’ 
lobbies as “a futuristic architecture which looks like some kind of 
structure from a science fiction literature or from the future.” Although 
the space may feel special to the student, this kind of dramatic 
description likely made the AI imagine a high-tech building with shiny 
white walls, bright lights, or futuristic features that did not actually 
exist in the real lobby. S10, who was describing one of the campus’ 
auditoriums, also used dramatic phrases like “how amazing things that 
this place can offer” and “a luxury lightning with a various different 
colours.” This kind of language may have led the AI to create spotlights, 
colorful lighting effects, or expensive-looking materials. As a result, the 
AI picture of this particular auditorium looked more glamorous than 
the real space. These descriptions reflected the students’ excitement 
and personal connection to the place. However, the lack of clear and 
concrete details gave the AI room to interpret freely, which often 
resulted in images that looked more extravagant than the real setting.

–	 Emotion-focused words: Many students described how the place made 
them feel rather than what it physically looked like. For example, S3 
wrote that the canteen “makes me feel calm,” S6 mentioned the “comfy 
vibes” of the campus bookstore, and S16 said the entrance made him 
feel “calm and nostalgic.” These emotional expressions gave the AI 
little concrete visual detail to work with. As a result, DALL-E 3 focused 
on atmosphere, like adding warm lights, cozy colors, or dreamy 
backgrounds, while ignoring layout or materials. These emotional 
expressions showed how much the students liked the place, but 
they did not give enough visual details for the AI to picture the place 
accurately. These emotional expressions are not documented features 
of Indonesian English but are found in the students’ writing. 

–	 Figurative language: Some students used metaphors or playful 
comparisons in their writing, and the AI tools interpreted literally. 
This led to image outputs that looked visually striking but strayed far 
from the real locations. For example, S13 described the main campus 
lobby at night by writing, “the classrooms… become desolate voids 
waiting to swallow you.” This poetic metaphor was meant to express 
a gloomy atmosphere. However, the AI made an image that looked 
like a dark tunnel or a spooky hallway with lots of shadows and 
plants. Similarly, S14 wrote that the garden’s “coral-shaped pathway… 
look-like Spongebob’s coral.” He likely intended this as a light-hearted 
way to describe the curve of the path. However, DALL-E 3 created an 
elaborate spiral design in a manicured, symmetrical rooftop garden. 
The original garden is much simpler and asymmetrical, with natural 
circular plant beds and straightforward walkways. The AI’s image 
reflected a more stylized interpretation of “coral-shaped” rather 
than the actual physical layout. These cases show how figurative 
expressions, while vivid and creative, may confuse image-generation 
tools like DALL-E 3. The use of figurative language is not an established 



19

Floris: Artificial intelligence struggles w
ith w

orld Englishes

The
JALT CALL 

Journal
 vol. 21 no.3

feature of Indonesian English but a creative writing choice found in 
this dataset.

Spelling variation. Spelling differences in the students’ writing made it harder 
for the AI to understand certain words, which likely led to some of the mis-
matches in the generated images. DALL-E 3 depends on accurate spelling to 
match words with the right objects or scenes. When it encounters unfamiliar 
or non-standard spellings, it may guess the meaning or substitute something 
else. For example, S10 described a “polcadot” wall (likely meant to be polka 
dot), which caused the model to create decorative or unusual wall patterns. 
S6’s phrase “transparant wall” (for transparent) may have changed how the 
AI showed the lighting or wall material. S5 wrote “great lightning” when she 
meant lighting, which may have confused the AI and caused it to show some-
thing like stormy light or dramatic effects instead of normal lamps.  People 
can usually understand these kinds of spelling differences from context, but 
AI systems are not as flexible. Although spelling variation is not a documented 
feature of Indonesian English, in this study it made it harder for DALL-E 3 to 
follow what the students meant and likely contributed to visual mismatches, 
such as incorrect colors, decorations, or objects.

In short, this analysis suggests a consistent pattern between the AI’s mis-
interpretations and the presence of specific linguistic patterns in the student 
texts. These patterns included both documented features of Indonesian English 
and other stylistic choices that emerged from this study’s context. Both types 
of patterns seemed to make the text less clear for the AI and led to mismatches.

Validating the findings: A comparative analysis

To further clarify how Indonesian English features may have shaped the mis-
matches in this study, two representative cases (S14 and S13) were revisited for 
evaluative comparison. Both texts were revised into a more standard English 
format that prioritizes concrete, literal, and visually descriptive language over 
emotional or vague phrasing. These revised prompts were then submitted to 
DALL-E 3 to evaluate if a change in language would produce a more accurate 
image.

Case 1: S14’s Rooftop Garden. S14’s original description achieved a partial 
match because it included specific visual details like “a grey bridge with white 
fences” and “three oval-shaped pool of grass”. However, it also contained gram-
matical features of Indonesian English, such as missing plural endings and 
non-standard phrasing like “look-like” and “the garden that located at 8th floor,” 
which likely contributed to inaccuracies in the AI-generated image. The revised 
prompt preserves the original concrete details while correcting the grammati-
cal variations to align with standard English: “A rooftop garden on the 8th floor 
of a university building. The garden features a coral-shaped pathway, three 
oval-shaped pools of grass planted with yellow tulips, and small trees around. 
A white fence and stairs connect the garden to the building. In the background, 
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there are other buildings and a clear blue sky. The right side of the picture 
shows a tall building with yellow and gray panels and hanging plants.” The 
resulting image, presented in Figure 4, corresponds more closely to the original 
rooftop garden photo.

 

Figure 4. Original photo of the rooftop garden (top) and AI-generated image created from a 
revised prompt (below).

Case 2: S13’s Lobby. S13’s original text focused heavily on abstract and figura-
tive language, using phrases like “eerie,” “ominous shadows,” and “desolate 
voids waiting to swallow you”. This led the AI to generate a dramatic, horror-
style image rather than the actual quiet, open-air lobby. This revised prompt 
removes all emotional and figurative language and replaces it with precise, 
physical details about the lighting, materials, objects, and layout: “A wide, open-
air university lobby at night. The floor is shiny and reflects the bright ceiling 
lights. Several thick round columns support the roof. There are many long 
brown tables and benches arranged in rows. A glass-walled elevator is visible 
in the back. The place looks quiet and spacious.” The effect of this revision is 
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illustrated in Figure 5, where the AI-generated image more accurately repre-
sents the actual open-air lobby.

Figure 5. Original photo of the main campus lobby (top) and AI-generated image created from a 
revised prompt (below)

The images generated from the revised prompts were a closer match to the 
original photographs. This outcome suggests that the AI’s initial misinterpreta-
tions were influenced by the grammatical features of Indonesian English and 
the use of human-centric stylistic choices. It reinforces the argument that a bias 
toward standard English limits the digital intelligibility of current AI systems.

Discussion 

The findings confirm that several common features of Indonesian English did 
appear in the student texts and contributed to misinterpretations in the DALL-E 
3 image outputs. The analysis also revealed other features not previously dis-
cussed in the literature which also contributed to mismatches between the 
students’ intended meaning and the AI-generated images. This interpretation 
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is strengthened by the comparative analysis, which showed that revising the 
prompts into standard English led to clearer and more accurate images.

From a World Englishes perspective, the students’ writing reflects legiti-
mate variation. As Kachru (1992) emphasizes, English exists in many localized 
forms that meet the communicative needs of their users. Indonesian English, 
in particular, carries distinct vocabulary choices (e.g., distinctive collocations 
and blends) or grammar patterns (e.g., zero plurals, subject–verb mismatches) 
shaped by Indonesian language structures and cultural preferences (Daeng 
& Weda, 2019; Endarto, 2020). These patterns, clearly present in student texts, 
align closely with previous descriptions of Indonesian English (e.g., Hamsa & 
Weda, 2019; Pipit & Rahyono, 2020).

In human interactions, such features do not necessarily block understand-
ing. According to Smith and Nelson (1985), intelligibility, comprehensibility, and 
interpretability allow communication across English varieties even when sur-
face-level grammar or vocabulary differ. For example, when a student wrote, 

“This canteen have many food outlet,” a human reader could infer the intended 
meaning, even if the grammar is non-standard. This is because human listen-
ers use shared context, pragmatic cues, and a willingness to accommodate 
unfamiliar forms. However, DALL-E 3 cannot replicate this human flexibility. 
It struggles with language forms that fall outside dominant norms.

This problem is not unique to Indonesian English. Evidence from other 
English varieties shows a similar pattern of misrecognition and bias. 
Commercial speech-recognition tools record about twice as many mistakes 
with African American English as they do with mainstream American English 
(Martin & Wright, 2023). Bailey et al. (2025) found that speech-based AI systems, 
like automatic speech recognition (ASR), often give inaccurate feedback to stu-
dents who use African American English, especially during assessments. GPT-4 
was able to recognize Trinidadian English Creole in only 21% of test prompts 
and often changed it into standard English (Jackson et al., 2024). Similarly, a 
study on ChatGPT-4 found that the model consistently defaulted to Native 
English Speaker (NES) norms when asked to perform writing and feedback 
tasks using Korean English (Lee et al., 2025). A large study of language mod-
els also found that prompts written in African American English were more 
likely to be linked with low-status jobs or harsher penalties compared to the 
same prompts in standard English (Hofmann et al., 2024). Other studies show 
that writing produced by AI often reflects the language style of more power-
ful social groups, which creates an unfair idea of what “good” English looks 
like (Alvero et al., 2024). Earlier research on word embeddings found the same 
pattern in smaller language models where the system favored certain types of 
language and identities over others (Caliskan et al., 2017). 

These studies show that AI systems often struggle with English that is dif-
ferent from the standard forms they were trained on. This helps explain why 
Indonesian English may face similar challenges in AI processing. To this, Bailey 
et al. (2025), Caines et al. (2025), Jackson et al. (2024), (Lee et al., 2025), and 
Payne et al. (2024) point out that AI tools rely heavily on dominant linguistic 
norms and that they typically misinterpret unfamiliar grammar and cultural 
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expressions. The underlying issue might reflect standard language ideology or 
the belief that one variety of English (often standard American or British) is 
more correct or desirable than others. As a result, non-standard forms, includ-
ing Indonesian English, are underrepresented in AI training datasets. AI tools 
treat standard forms as defaults and view non-standard varieties as errors to 
be corrected. As a result, students who use natural, local forms of English face 
additional pressure: to communicate clearly with AI, they must adjust their 
language toward more standardized forms. This shifts the responsibility for 
intelligibility onto the users rather than onto AI developers. It also goes against 
the ideas of the World Englishes approach, which promotes recognition and 
respect for local norms.

This reliance on standard English raises broader ethical and educational 
concerns. As Sartori and Theodorou (2022) note, AI tools are not neutral as 
they reflect and reproduce social biases. Blodgett et al. (2020) warn that with-
out careful design, natural language processing (NLP) systems, including tools 
like ChatGPT, DALL-E, and other language-based AI models, can reinforce exist-
ing inequalities. When the AI repeatedly misinterprets local language forms, 
it sends the message that varieties like Indonesian English are incorrect or 
incompatible with AI. In classrooms, this may inspire students that only stan-
dardized forms are acceptable in digital spaces.

This study identifies the gap as an issue of “digital intelligibility,” meaning 
how well digital technologies can process and understand people’s natural, 
non-standard language without requiring them to change their writing. While 
this is a broad concern, the focus here is specifically on AI. Digital intelligibility 
connects to earlier work on algorithmic intelligibility and transparency, which 
looked at whether people can understand how algorithms work (Diakopoulos & 
Koliska, 2017). It is also linked to AI intelligibility, defined as the epistemologi-
cal sense of how an AI works and how accurate it is (Ashok et al., 2022), and to 
Kamiura (2025), who notes that digital intelligibility has usually been used to 
describe how humans understand AI systems. In this study, however, the term 
is adapted to highlight the reverse issue, i.e. whether AI systems can under-
stand human language. The findings indicate that current AI models, especially 
DALL-E 3, still lack this kind of digital intelligibility.

Improving digital intelligibility will require changes in how AI systems are 
trained. Developers need more inclusive training strategies to reduce misin-
terpretation of local English varieties. A key step is to diversify the training 
data. Future training data should include real examples of Indonesian English 
and other local varieties, not just American or British English. This includes 
authentic texts with real-world examples of grammatical variation, creative 
phrasing, local collocations, and culturally specific vocabulary. Such variety 
helps AI systems better understand and respond to different forms of English. 
A study by Hidayatullah et al. (2025) found that adding code-mixed Indonesian–
Javanese–English text improved performance across multiple NLP tasks. This 
shows that diverse language data makes the AI systems more reliable. 

Beyond English varieties, training data also needs to capture stylistic diver-
sity. Student writing often includes vague quantifiers, emotional tone, or 
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figurative phrasing. These are natural choices in descriptive paragraph tasks 
but can confuse AI systems that rely on concrete input. Including authentic 
examples of such stylistic variation in training corpora would help AI models 
handle real-world student writing more effectively.

AI developers should also regularly evaluate how well AI systems handle dif-
ferent English varieties and writing styles. One way to do this is by using tests 
such as the Vernacular Language Understanding Evaluation (VALUE). Using 
this test, Ziems et al. (2022) found that AI tools perform worse when the input 
is written in African American English. This reveals that the tools are biased 
toward standard English. A similar test could be made for image-generation 
tools like DALL-E to see how well they handle prompts written in different 
English varieties. These evaluations can help AI developers identify weak-
nesses early and improve fairness and accuracy.

Educational institutions also have a role to play. Schools and universi-
ties should acknowledge and discuss these linguistic biases with students. 
Teachers can encourage students to view AI-generated output with caution and 
remind them that misunderstandings often happen due to system limitations. 
Classroom activities that ask students to compare their original prompts with 
the AI-generated images, identify where meaning shifts, and discuss which 
version of English is treated as the standard can help build awareness of bias 
in both AI and language norms. Similar strategies have been used in teacher-
education programs, where sessions focused on identifying bias in generative 
tools have helped future teachers develop a more reflective attitude toward 
technology (Dilek et al., 2025). 

Conclusion 

This study examined how DALL-E 3 interpreted descriptive texts written in 
Indonesian English and found that the AI’s misinterpretations appeared to 
originate from two sources. The first was the use of documented features of 
Indonesian English, such as the omission of plural markers and the use of local 
vocabularies. These features align with the World Englishes perspective, which 
views such local variations as legitimate. The second source was the students’ 
other writing patterns, such as the use of emotional or figurative language. 
These patterns are not specific to Indonesian English but they appeared in the 
students’ texts. 

These findings show that current AI systems are not yet able to handle lin-
guistic diversity fairly. Improving digital intelligibility requires responses at 
both the technical and educational levels. Technically, AI systems need more 
diverse training and evaluation. At the same time, classroom activities that 
explore how AI handles different English varieties can help students recognize 
bias and build critical digital literacy.

This study had several limitations. First, the students were not told that their 
writing would be used as prompts for an AI. They were instructed to write a 
standard descriptive paragraph for a human audience and were not aware 
their text would be used by an AI. Because of this, the findings reflect how the 
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AI interprets writing from a natural classroom setting, not how it might per-
form with a text specifically designed for it. The findings provide authentic data 
on how the AI handles real-world student language.

Second, this study did not clearly isolate the cause of the AI’s misinterpreta-
tions. A comparative analysis of two cases, however, showed that revising the 
student texts into standard English resulted in more accurate images. While 
limited to two examples, this finding supports the interpretation that the fea-
tures of Indonesian English and other stylistic patterns might be a primary 
cause of the misinterpretations.

Third, the study was limited to written texts from sixteen students at a single 
institution and used only one AI model. Pronunciation and intonation as other 
features of spoken Indonesian English were not included. Future research 
should explore how AI systems handle spoken texts, especially when processed 
through speech recognition tools that often struggle with non-standard English. 

Finally, future studies could also compare how different image-generation 
models handle localized English. These strategies would help move toward AI 
systems that are more inclusive, more aware of linguistic diversity, and better 
able to support fair communication in education and beyond. 
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