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Abstract. This study evaluates the potential of ChatGPT-4 and ChatGPT-4.5 as 
research assistants in applied linguistics (AL) by examining their ability to gen-
erate annotated bibliographies of research articles. Five AL papers on technolo-
gy in English pronunciation and speaking instruction were summarized by both 
models and by human researchers, producing 25 summaries. Fourteen expert 
raters assessed the summaries for quality and judged their authorship. Results 
show that both models produced factually accurate and structurally faithful 
summaries. However, both models lacked critical selectiveness, could only pro-
vide generalized statements on relevance, and relied on surface-level markers to 
assess credibility. Quantitative analysis indicated that ChatGPT summaries 
were rated as comparable in quality to human-authored ones, though inter-rater 
agreement was low and a bias against texts perceived as AI-generated was ob-
served. Qualitative findings revealed that experts distinguished AI from human 
summaries based on information density, word choice, stylistic naturalness, and 
evaluative engagement. Overall, ChatGPT proved advantageous in accuracy, 
structural consistency, and efficiency, but its weaknesses in evaluative depth 
and authenticity suggest that, while it can accelerate the early stages of litera-
ture review, it cannot substitute for the nuanced judgment and interpretive rea-
soning required in applied linguistics. 

Keywords: ChatGPT, applied linguistics, research assistant, research summari-
zation, annotated bibliography. 

1 Introduction 

The rapid advancement of generative artificial intelligence (AI), especially through 
large language models (LLMs) such as ChatGPT, has had a wide impact on the aca-
demic community and the process of conducting research. Since its public release in 
November 2022, ChatGPT has been employed for tasks such as generating abstracts 
and summarizing research articles [1], while some authors have even used it as a co-
author [2]. ChatGPT has undergone several iterations, and its current versions at the 
time of writing, ChatGPT-4 and its successor ChatGPT-4.5, have much enhanced 
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capabilities compared to previous iterations such as ChatGPT-3 [3][4]. These devel-
opments suggest an expanding potential for using ChatGPT as a research assistant.   

So far, ChatGPT has been used as a research assistant in diverse fields, including 
medicine for generating research article abstracts [5], international business and man-
agement for summarizing from citations, retrieving citations from those summaries, 
and linking them back to the original abstracts [6]. In the field of linguistics, Bae’s [7] 
demonstration study illustrated how ChatGPT-3.5 and ChatGPT-4 could assist exper-
imental linguistics by suggesting sources for literature reviews, supporting experi-
mental design, and facilitating statistical analyses. The author concluded that the tools 
could save researchers time and streamline data preparation, but constant verification 
was necessary as the tools tended to exhibit shallow reasoning and produce hallucina-
tions1 and outdated information. Furthermore, Uchida [8] assessed ChatGPT-3.5 for 
core corpus-linguistic tasks such as frequency analysis, collocation identification, and 
genre classification, finding partial alignment with established corpus data and high-
lighting significant limitations, particularly in genre analysis, suggesting that the tool 
should be used as an auxiliary rather than primary tool for rigorous research. Howev-
er, there is a notable gap in the literature as to how ChatGPT can be used as an assis-
tant for summarizing research articles. Its use could greatly assist researchers during 
the time-consuming stage of literature preview, which is foundational for subsequent 
stages of the research process. Reluctance to use ChatGPT for such purposes likely 
stems from its tendency to generate inaccurate information and hallucinate, which 
puts its ability to reliably summarize information into question [1] [9]. Ethical con-
cerns have also been raised, with several studies demonstrating that ChatGPT can 
produce plagiarized information when used as a research assistant [10] [11] [12]. None-
theless, if the accuracy of ChatGPT’s latest models continues to improve, ChatGPT 
could substantially benefit researchers by reducing the time spent on reviewing litera-
ture, and allow for more time to be invested in conducting practical linguistic re-
search. While field-specific applications vary, this study focuses on applied linguistics 
(AL), with the expectation that insights into ChatGPT’s summarization capacity may 
yield benefits across disciplines. 

Therefore, this study seeks to evaluate the performance of ChatGPT-4 and 
ChatGPT-4.5 in summarizing AL research papers by addressing the following re-
search questions: 

1. To what extent do ChatGPT-4 and ChatGPT-4.5 produce accurate summaries that 
capture key findings while adhering to the required structural conventions? 

2. In what respects do ChatGPT-generated summaries differ from human-authored 
summaries? 

By evaluating the performance of these models, this study aims to provide insight into 
the advantages and limitations of using ChatGPT for summarizing linguistic research 
papers, while also offering potential insights for the broader development of artificial 
intelligence. To the best of our knowledge, as of August 2025, no peer-reviewed 

 
1  AI generated content that is fluent and confident but factually incorrect, fabricated, or un-

supported by its training data. 
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study has systematically examined ChatGPT’s ability to summarize AL research arti-
cles. This study addresses that gap by analyzing summaries of AL papers generated 
by ChatGPT-4 and ChatGPT-4.5 and comparing them with those produced by human 
authors, drawing on expert evaluations to determine relative quality and reliability.  

2 Previous Research 

2.1 Technology Acceptance Models and the Use of ChatGPT as a Research 
Assistant 

Previous research on the acceptance of ChatGPT has examined the factors that influ-
ence its adoption as a research assistant, but concerns about its accuracy and reliabil-
ity for summarization tasks have also been raised. These studies primarily rely on the 
factors outlined in the Technology Acceptance Model (TAM) [13] and the Unified 
Theory of Acceptance and Use of Technology (UTAUT) [14]. These theories are 
closely connected as TAM focuses on perceived usefulness and ease of use, while 
UTAUT refines these factors and expands them with performance expectancy, effort 
expectancy, social influence, and facilitating conditions. Empirical studies have 
shown that there is a high acceptance rate of LLMs among academics, and that its 
adoption is primarily shaped by usefulness, ease of use, and researcher competence, 
alongside factors such as AI’s perceived intelligence, enjoyment, social influence, and 
institutional practices [15]. Balaskas et al. [16] reported similar findings, adding that 
age and prior AI experience also play a moderate role. Nevertheless, concerns about 
accuracy persist. Salleh [6] documented frequent errors of omission (excluding rele-
vant information), and commission (including irrelevant information) when ChatGPT 
is used as a research assistant. They noted that while ChatGPT can generate relevant 
summaries from citations, it often fails to understand the papers’ theoretical signifi-
cance. Moreover, it often mistakenly attributed the work to other authors, and often 
exhibited the Matthew Effect by showing a bias towards more prominent authors. 
These findings suggest that ChatGPT can help in summarization, but remains unrelia-
ble for citation and theoretical integration. Similarly, Rahman et al. [17] found that, 
even though ChatGPT-3.5 could generate acceptable abstracts if given precise 
prompts, it struggled to evaluate the studies critically and connect their significance 
when used for literature review. Therefore, in addition to examining whether 
ChatGPT-4 and ChatGPT-4.5 can accurately summarize AL research papers, this 
study also assesses their ability to critically evaluate research papers as an essential 
component of the literature review process. 

2.2 Evaluation Criteria for ChatGPT-generated Summaries 

When evaluating the effectiveness of ChatGPT in generating summaries of research 
papers to support AL research, the accuracy and faithfulness of the information in the 
generated output constitute a sine qua non condition and therefore represent the pri-
mary criterion in the present study. 
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Previous research has frequently assessed ChatGPT-generated summaries using 
ROUGE (Recall-Oriented Understudy for Gisting Evaluation), a set of automatic 
evaluation metrics used to measure lexical overlap between generated and reference 
summaries to determine how much of the essential content is captured [18]. Goyal et 
al. [19] reported that ChatGPT-3 exhibited lower ROUGE scores than traditional 
summarization methods when summarizing news articles and other similar content. In 
contrast, Yang et al. [20] found ChatGPT-3’s performance on summarizing news, 
dialog transcripts, and Reddit posts to be on pair with traditional methods. Zhang et 
al. [21] investigated the performance of the more advanced model ChatGPT-3.5 in 
extractive summarization of diverse text types, including news articles, scientific 
articles, and government reports. Their findings also showed that ChatGPT-3.5 per-
formed worse in terms of ROUGE scores when compared to traditional methods, but 
yielded better results in terms of faithfulness when provided with step-by-step sum-
marization instructions. Such procedural prompting reduced the occurrence of hallu-
cinations and errors, which earlier studies had identified as recurrent problems in 
ChatGPT-3 and ChatGPT-3.5 [19] [21] [22]. 

Although ROUGE remains widely used, Fabbri et al. [23] demonstrated that it was 
insufficient for evaluating academic or scientific summarization, as it failed to capture 
deeper qualities such as factual accuracy and coherence, and called for more refined 
metrics and the inclusion of human judgment. Responding to this limitation, Hake et 
al. [5] evaluated ChatGPT-3.5’s summarization ability in medical research by asking 
experts to assess summaries or research articles generated from abstracts. Their find-
ings confirmed that the tool could be of assistance since study participants claimed 
that summaries were high in quality, had high accuracy, and low bias, and they were 
often able to classify if the articles were relevant for different medical specialties. 
Nonetheless, the authors stressed that full-text evaluation remained necessary before 
making final research selection. To date, no comparable human-judgment studies 
have been conducted in applied linguistics, and the present study seeks to address this 
gap by drawing on the expertise of professional linguists to evaluate the effectiveness 
of ChatGPT-4 and ChatGPT-4.5 for AL research summarization. 

Apart from accuracy and faithfulness, the quality of a summary also depends on its 
adherence to the conventions of academic writing. As a subgenre of academic dis-
course, summaries are expected to follow a recognizable structure and exhibit charac-
teristic linguistic features [24]. These features include conciseness, high information 
density, explicit cohesion achieved through signaling devices, and the use of evalua-
tive language to highlight significance or limitations. In the context of applied linguis-
tics research, this further requires the consistent use of appropriate disciplinary termi-
nology, since precision in technical language is essential for accurately conveying 
research findings and theoretical constructs. Accordingly, this study investigates 
whether ChatGPT-generated summarizes demonstrate these linguistic qualities.  

As the structure of a summary may vary depending on particular research goals, 
the quality of ChatGPT-generated summaries should be judged by whether the tool 
can adhere to the required format. In this study, evaluation is based on a modified 
annotated bibliography format, as outlined by the Purdue Online Writing Lab of the 
College of Liberal Arts of Purdue University, though other formats could also be used 
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when prompting ChatGPT to summarize research papers. The term annotated bibliog-
raphy refers to a list of research sources where each entry includes the full citation 
and a short paragraph that describes the source’s content and evaluates its relevance 
and quality, while also providing a statement why the source is relevant for the re-
searcher’s own work. It is thus a more robust format than a summary, which only 
condenses the main ideas of a single article without providing an evaluation. There-
fore, a further criterion for assessing the effectiveness of ChatGPT-4 and ChatGPT-
4.5 in AL research summarization is their ability to follow the prescribed structure 
specified in the prompt. The annotated bibliography format was selected because it 
not only requires presentation of the topic, methodology, and key findings of the re-
search article, but also demands a critical evaluation of the article’s credibility and its 
relevance to the researcher’s topic and goals. As Rahman et al. [17] and Salleh [6] 
found, ChatGPT-3.5 lacks the ability to critically evaluate information for literature 
review, so employing the annotated bibliography format provides a means of testing 
whether the current models, ChatGPT-4 and ChatGPT-4.5, demonstrate improved 
capacity for critical evaluation alongside summarization. 

3 Methodology 

Given the insights from previous research and the evaluation criteria identified, the 
present study adopts a mixed-method approach to assess the summarization perfor-
mance of ChatGPT-4 and ChatGPT-4.5 in applied linguistics and determine whether 
the two models have improved capabilities and become more suitable to be used as a 
research assistant. 

3.1 Topic Selection and Corpus Selection 

A research topic in the field of applied linguistics, the integration of technology in 
English language pronunciation and speaking instruction, was chosen. This topic was 
selected for practical reasons, as the researchers involved in this study possess profes-
sional expertise in this area and are therefore well positioned to evaluate the quality of 
the generated summaries. It is assumed that findings concerning the factual accuracy, 
faithfulness, structural conformity, and academic language features of ChatGPT-
generated summaries in this domain are likely generalizable to other areas of applied 
linguistics. 

Five research papers published between 2022 and 2024 were selected to form the 
study corpus [25] [26] [27] [28] [29]. These papers were selected on the basis that the 
subject matter of these papers closely aligns with our own interests in AL research, 
and because the survey participants would also be familiar with these topics. They 
were drawn from peer-reviewed journals to ensure scholarly credibility and rigor. All 
were experimental studies, as this methodological uniformity helped minimize varia-
bility in the source material and enabled a fairer comparison between ChatGPT-
generated and human-authored summaries. This corpus size was deemed sufficient to 
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obtain meaningful findings, while acknowledging that larger corpora might yield 
additional insights beyond the scope of the present study. 

3.2 Human-written Summaries 

The researchers in this study (three junior lecturers in Applied English and Linguistics 
at Belgrade Metropolitan University who have produced peer-reviewed publications 
in the field of applied linguistics) independently produced summaries of the five arti-
cles using the modified Purdue OWL annotated-bibliography template. The annota-
tion procedure comprised the following steps: 

• State what the topic of the paper is and what it is about.  
• Summarize the methodology and most important results of the paper (if applica-

ble). 
• Evaluate the credibility of the cited works. 
• State how the findings or methodology of the paper are applicable to our own re-

search paper. 

3.3 ChatGPT-generated Summaries 

Each of the five articles was uploaded separately to ChatGPT-4 and ChatGPT-4.5. In 
line with Zhang et al. [21], both models received step-by-step instructions specifying 
the annotated-bibliography format and required elements to minimize hallucinations 
and improve faithfulness. The same prompt was used for both models to ensure com-
parability. The exact prompt text is provided below. 

• You are working on a research paper that discusses the integration of technology 
and AI into the ESL classroom. You want to summarize the following research pa-
per and write the summary in the style of an annotated bibliography. You need to 
write the summary using the following template. Do not omit any information. 

• Provide a citation for this paper following the APA7 style of citation. 
• State what the paper is about and what topic it discusses. 
• State what the methodology of the paper is and how the research was conducted. 
• State what the most important results of the paper were. 
• Provide an evaluation of the paper’s credibility and explain why it is or is not a 

reliable source. 
• State how the paper is relevant for your own paper and research. 

Additional contextual information about the research topic was intentionally withheld 
in order to test how the two models would generate critical links to previous literature 
and to determine whether their performance showed any improvements.  

In total, 25 summaries were produced: 15 written by the researchers (five each) and 
10 generated by ChatGPT (five by ChatGPT-4 and five by ChatGPT-4.5). 
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3.4 Summary Evaluation Survey Questions and Participants 

Fourteen university professors teaching English linguistics at Belgrade Metropolitan 
University and the Faculty of Philosophy of the University of Niš participated in this 
study as expert raters. All participants teach applied linguistics courses, and were 
selected through convenience sampling based on their relevant teaching and research 
expertise. Each expert rated the overall quality of all 25 summaries on a five-point 
Likert scale (very poor, poor, acceptable, good, very good) and answered whether 
they thought each summary was AI-generated. To avoid priming effects, no explicit 
criteria for judging the quality of the summaries were provided, as raters were ex-
pected to rely on their professional judgment. An optional open-ended question fol-
lowed each summary, allowing participants to elaborate on their ratings and their 
decisions regarding AI authorship.  

4 Data Analysis and Results 

4.1 Summarization Quality Analysis of ChatGPT-generated Summaries 

The first stage of analysis focused on evaluating the summaries produced by 
ChatGPT-4 and ChatGPT-4.5 in terms of accuracy, faithfulness to the original texts, 
and adherence to the required structural format. This analysis was carried out manual-
ly by all three researchers, who systematically examined each summary against the 
source article and the prescribed annotated bibliography template. 

ChatGPT-4 
Upon first examination of the five summaries, it was noticed that the summary of 

Article 5 contained several obvious inaccuracies and hallucinations. The information 
in the summary appeared to have been merged with the content of a different study. In 
order to eliminate any possible mistakes made by the researchers when prompting 
ChatGPT, this output was discarded and regenerated in a new chat with temporary 
chat mode enabled. The prompt was not changed nor were the model settings altered 
in any way. The regenerated summary of Article 5 no longer contained hallucinations, 
suggesting the error resulted from context window confusion between the documents 
rather than an inherent model failure. 

Closer inspection of the final set of summaries revealed that they did not contain 
any information that was not included in the articles themselves. In each summary, 
ChatGPT had successfully identified the topic of the paper, described the methodolo-
gy accurately, and presented the results in a way that did not omit any important in-
formation. However, there was one discrepancy in how it identified the topic in its 
summary of Article 4. 

Summary 4: This paper explores how technology-enhanced learning (TEL) con-
tributes to the improvement of English pronunciation and overall language proficien-
cy, emphasizing the role of digital tools such as speech recognition software, mobile 
applications, and interactive learning platforms. It investigates how blending tradi-
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tional instruction with modern technology can help learners overcome pronunciation 
challenges, receive real-time feedback, and enhance self-directed language practice.  

The research focus of the original article was on the use of digital tools to enhance 
pronunciation, fluency, and comprehension skills, while the results from interviews 
indicated that the advantages of these systems lay in their ability to provide instant 
feedback and provide guidance for further improvement in real time. The summary, 
on the other hand, presented these elements as research aims rather than reported 
outcomes. We regard this imprecision as a minor error that is unlikely to influence a 
researcher’s decision to consult the full paper. Overall, the factual accuracy and faith-
fulness of the analyzed ChatGPT-4 summaries were found to be high, and the outputs 
can be considered reliable in assisting researchers in deciding whether to engage with 
the original texts further. These results are consistent with Zhang et al. [21], who re-
ported that hallucinations and inaccuracies were greatly reduced when models were 
provided with structured, step-by-step instructions. 

Regarding the evaluation of the articles’ credibility, several patterns were ob-
served. Four of the summaries (all except the fifth) cited publication in a peer-
reviewed journal as evidence of credibility, while all five referred to the inclusion of 
detailed methodology or statistical analysis. Additional elements also appeared: the 
summary of Article 1 mentioned the study’s limitations and the authors’ affiliations, 
Summary 2 highlighted ethical considerations, and Summaries 2 and 3 pointed to the 
use of theoretical frameworks. While all of these factors are valid indicators of credi-
bility, human-authored annotated bibliographies might not typically state them all 
explicitly. The findings indicate that ChatGPT-4 lacks the critical selectiveness of 
human researchers, however, it might produce different output if provided with more 
specific criteria focusing on article credibility in the prompt. 

The final part of each summary contained one or two sentences that outline the rel-
evance of the article. However, these sentences were found to be overly general and 
provided no specifics as to how these articles fit into the researcher’s own work. This 
further illustrates ChatGPT-4’s limited capacity for critical evaluation and corrobo-
rates earlier findings reported in the literature [6] [17]. 

In regard to whether ChatGPT-4 was able to follow the requested annotated bibli-
ography structure as defined in the prompt, the results indicate that the model per-
formed successfully. All five summaries followed the prescribed format, as illustrated 
in the table below. 

Table 1. Structure of ChatGPT-4 Generated Summaries 

 Total 
word 
count 

% of words describing the 
topic, methodology, and 
findings 

% of words providing an 
evaluation of credibility and 
own research usefulness 

Article 1 299 65% 35% 
Article 2 304 65% 35% 
Article 3 299 79% 21% 
Article 4 302 73% 27% 
Article 5 219 66% 34% 
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ChatGPT-4.5 
The same analytical procedure was applied to the summaries generated by 

ChatGPT-4.5. As with ChatGPT-4, the summaries did not include any information 
absent from the original articles. Each summary stated the topic faithfully, and both 
the methodology and results were described accurately, though the ChatGPT-4 sum-
maries tended to provide more detail in these sections. The output of ChatGPT-4.5 
were also comparatively shorter than those produced by ChatGPT-4. 

With respect to the evaluation of the articles’ credibility, patterns similar to those 
in ChatGPT-4 were observed. All five summaries referred to methodology and data 
analyses as evidence of credibility. Summaries 1, 3, and 5 additionally mentioned 
publication in a peer-reviewed journal, with Summary 1 explicitly naming the journal. 
Summary 5 further included information about the author and the article’s DOI. 

Summary 5: Authored by a scholar with a solid publication record in language ed-
ucation, it appears in a peer-reviewed academic journal with a clear DOI. 

Additionally, Summaries 2 and 4 included sample size, Summaries 3 and 4 refer-
enced theoretical frameworks, and Summaries 2 and 5 noted limitations as further 
evidence of credibility.  

Comparing the two models, it can be concluded that both ChatGPT-4 and 
ChatGPT-4.5 consistently referred to aspects of methodology and data analyses as 
primary indicators of credibility, which aligns with accepted standards of academic 
reliability. Both models also frequently mentioned peer review status as evidence, 
even though this need not be stated explicitly when articles have already been selected 
from peer-reviewed journals. The same applies to references to author information, 
which is typically not noted in annotated bibliographies. Other forms of evidence 
offered by the models appeared somewhat random, though still reasonable and ac-
ceptable. These findings suggest that ChatGPT-4.5 does not demonstrate greater criti-
cal selectiveness than ChatGPT-4. 

Finally, the last section of the ChatGPT-4.5 summaries addressed the articles’ rele-
vance to the personal study. As with ChatGPT-4, these sections consisted of one or 
two sentences making general links between the findings and the study at hand, show-
ing no notable improvement in this respect over the earlier model. 

As with ChatGPT-4, all summaries generated by ChatGPT-4.5 adhered to the re-
quested structure, as shown in Table 2, indicating that both models are consistent in 
following structural instructions when clearly specified in the prompt. 

Table 2. Structure of ChatGPT-4.5 Generated Summaries 

 Total 
word 
count 

% of words describing the 
topic, methodology, and 
findings 

% of words providing an 
evaluation of credibility and 
own research usefulness 

Article 1 218 61% 39% 
Article 2 230 53% 47% 
Article 3 233 70% 30% 
Article 4 258 71% 29% 
Article 5 220 60% 40% 

213



The distribution of content across topic, methodology, findings, and evaluation was 
relatively similar in both models, with ChatGPT-4 devoting 65–79% of words to de-
scription and ChatGPT-4.5 allocating 53–71%. Given the questionable information 
occasionally used as credibility evidence and the generally vague statements regard-
ing article relevance, ChatGPT-4 appears to be marginally more useful than 
ChatGPT-4.5 for generating annotated bibliographies. 

Taken together, these observations directly address the first research question of 
this study, indicating that both models can produce accurate and structurally con-
sistent summaries, with ChatGPT-4 showing marginally greater usefulness than 
ChatGPT-4.5. 

4.2 Survey Results 

Quantitative Analysis Results 
Table 3 presents the quantitative results of the survey. All 14 participants provided 

ratings and AI-authorship judgments for each of the 25 summaries.  

Table 3. Survey Results 

Author Summary Rating  Perceived AI 
Mean SD Count 

of yes 
answers 

Count 
of no 
answers 

Count 
of both 
yes and 
no an-
swers 

Mean SD 

Human 1 1 3.57 0.94 2 12 1 0.18 0.37 
2 3.79 0.70 2 12 0 0.14 0.36 
3 3.79 0.58 2 11 1 0.18 0.37 
4 4.07 0.62 2 11 1 0.18 0.37 
5 4.21 0.36 4 8 2 0.36 0.46 

Human 2 1 4.21 0.89 9 5 0 0.64 0.50 
2 4.00 0.68 6 8 0 0.43 0.51 
3 4.07 0.62 10 3 1 0.75 0.43 
4 3.93 0.73 9 5 0 0.64 0.50 
5 4.14 0.53 7 5 2 0.57 0.47 

Human 3 1 3.29 0.73 1 12 1 0.11 0.29 
2 3.93 0.92 0 14 0 0.00 0.00 
3 2.86 0.77 4 9 1 0.33 0.46 
4 3.86 0.95 3 11 0 0.21 0.43 
5 3.86 0.77 1 13 0 0.07 0.27 

ChatGPT-
4 

1 4.00 1.04 11 2 1 0.82 0.37 
2 4.36 0.84 10 4 0 0.71 0.47 
3 4.00 1.04 9 4 1 0.68 0.46 
4 3.93 1.21 8 4 2 0.64 0.46 
5 3.86 0.95 12 2 0 0.86 0.36 

ChatGPT- 1 3.86 0.77 8 6 0 0.57 0.51 
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4.5 2 4.14 0.86 8 6 0 0.57 0.51 
3 3.93 0.92 11 2 1 0.82 0.37 
4 4.21 0.89 6 7 1 0.46 0.50 
5 3.71 0.64 9 5 0 0.64 0.50 

Since all the participants were asked to evaluate the same summaries, the degree of 
agreement or consistency among them was first calculated using the Interclass Corre-
lation Coefficient (ICC). The result was ICC(2.k)=0.39 indicating poor-to-fair con-
sistency among the 14 experts. This suggests that a considerable portion of the varia-
bility in ratings was attributable to differences among raters rather than true differ-
ences in the quality of the summaries. To further explore rater variability, mean rat-
ings and standard deviations were calculated for each rater, as shown in Figure 1.  

 
Fig. 1. Mean Rating and Standard Deviation per Rater. 

It was found that Participant 10 was consistently more lenient (M = 4.64), while 
Participant 2 was systematically stricter (M = 2.96). Additionally, Participants 6 and 
12 demonstrated the highest rating variability (SD > 1.1). A one-way ANOVA con-
firmed significant differences across raters (p < 0.001), and Tukey’s HSD post-hoc 
tests revealed that multiple rater pairs differed significantly in their mean ratings. 
These results indicate that participants applied different internal criteria for assessing 
the quality of the summaries, and that the overall ratings cannot be considered highly 
reliable as an objective measure of summary quality.  

To address this issue, analytical approaches were employed to reduce the influence 
of rater bias and obtain a more stable estimate of central tendency (i.e. what most 

215



raters thought on average even if they disagreed on the details). The data was reana-
lyzed using median ratings per summary, which revealed that ChatGPT-4 (Mdn = 4.0) 
and ChatGPT-4.5 (Mdn = 4.0) summaries received comparable evaluations, while 
Human2 summaries tended to receive slightly higher ratings (Mdn = 4.1) and Hu-
man1 and Human3 summaries slightly lower ratings (Mdn = 3.8). Grouping summar-
ies into three categories (Human, ChatGPT-4, ChatGPT-4.5) showed no significant 
differences. ChatGPT-4 and ChatGPT-4.5 summaries both received median ratings of 
4.0, while Human summaries received a median rating of 3.9. Although Human 
summaries displayed greater variability (SD = 0.39) than ChatGPT-4 and 
ChatGPT-4.5 (SD = 0.00 for both), the mixed-effects model revealed that these dif-
ferences were not statistically significant. These findings suggest that ChatGPT-4 and 
ChatGPT-4.5 produced summaries that were evaluated as being of comparable quality 
to human-authored summaries, with no significant performance differences between 
the two models. However, the low inter-rater agreement raises questions about the 
subjectivity of expert evaluations. 

In addition to rating quality, experts were also asked to judge whether each sum-
mary was generated by AI, and to offer additional insights into how they differentiat-
ed between human and AI-authored texts. Their overall detection accuracy was calcu-
lated using a majority vote criterion (≥50% of raters identifying a summary as AI). 
The result was 56%, suggesting that experts performed only slightly better than 
chance (50%). Detection accuracy differed by true authorship, whereby experts cor-
rectly identified 70% of AI-authored summaries but only 47% of human-authored 
summaries. This indicates that participants were substantially more accurate at detect-
ing AI-generated summaries than at correctly identifying human-written ones, sug-
gesting the ChatGPT outputs displayed identifiable characteristics. 

Finally, a linear regression analysis was conducted to examine whether perceived 
AI authorship influenced quality ratings. The results revealed a significant effect of 
perception, whereby summaries perceived as AI-generated received ratings that were, 
on average, 0.32 points lower than those perceived as human (or uncertain) (p < 
0.001). This suggests that bias associated with perceived AI authorship negatively 
impacted ratings regardless of the true authorship of the summary, and may have 
contributed to the low inter-rater agreement among the participants.  

Qualitative Analysis Results 
Responses to the open-ended survey questions were analyzed using thematic anal-

ysis following Braun and Clarke’s [30] framework. An inductive, semantic coding 
approach was adopted, meaning that codes were generated directly from participants’ 
responses without imposing pre-existing categories, and the analysis focused on the 
explicit content of the data. Codes were then iteratively grouped into broader themes 
through comparison and refinement. To structure the analysis and enhance interpreta-
bility, themes were organized around four analytical cases: (1) correct classification 
of human-written texts, (2) misclassification of human-written texts, (3) correct clas-
sification of ChatGPT-authored texts, and (4) misclassification of ChatGPT-authored 
texts. This approach provided a systematic way to capture both the criteria raters used 
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in their judgments and the implications of those judgments for evaluating ChatGPT’s 
effectiveness as a research assistant. 

Cases When Human-written Texts Were Correctly Classified 
Within the first case, several themes emerged that reflect the criteria raters relied 

on to distinguish human from AI authorship: information density, word choice and 
style, structure and organization, credibility and relevance, and the presence of errors. 

Information density. Most responses (n = 9) in this category focused on the 
amount of information presented. Six participants highlighted omissions in methodol-
ogy or results as indicators of human authorship: “Not very detailed (no mention of 
Likert scales, etc.)” (ART2 HUM3 P7); “The results and conclusions… are not pre-
cise and comprehensive enough” (ART3 HUM3 P11). Three participants, however, 
regarded conciseness as a strength: “Includes appropriate specifics without infor-
mation overload” (ART5 HUM3 P13). Overall, participants tended to expect 
ChatGPT to provide extensive descriptive detail, whereas human authors were ex-
pected to exercise greater critical selectiveness. This indicates that ChatGPT is effec-
tive for descriptive summarization but less aligned with academic expectations of 
concise and evaluative writing, which aligns with our findings from the qualitative 
analysis of the ChatGPT-generated summaries. 

Word choice and style. Informal expressions, hedges, and clumsy phrasing were 
frequently interpreted as markers of human authorship. For example: “The report 
hedges at the end with ‘The results of this study appear to be credible,’ which I think 
an AI would avoid” (ART1 HUM1 P8). Language errors further reinforced this per-
ception: “Also, there are some language mistakes, i.e. wrong choices” (ART1 HUM3 
P4). By contrast, ChatGPT’s strengths lie in grammatical accuracy, consistent formal-
ity, and the correct use of disciplinary terminology, but its lack of hedging and imper-
fection may undermine perceptions of authenticity. 

Structure and organization. Human-written texts were often perceived as disor-
ganized: “The summary is very chaotic, not clear(ly organized)” (ART1 HUM1 P7). 
In contrast, ChatGPT’s rigid adherence to structural conventions can be advantageous 
for clarity and for facilitating the accurate interpretation of information, though this 
same rigidity may reduce the stylistic naturalness typically associated with human 
writing. 

Credibility and relevance. Engagement with personal research was a strong indi-
cator of human authorship: “The conclusion demonstrates actual engagement with 
how this relates to the writer’s own research” (ART5 HUM1 P13). ChatGPT, by 
contrast, lacks the ability to establish genuine connections between articles and a re-
searcher’s individual project, underscoring a core limitation of the tool as a research 
assistant.  

Errors. Spelling and grammatical mistakes were typically attributed to human au-
thorship: “Contains small mistakes like ‘inlcuded’ instead of ‘included’” (ART4 
HUM3 P13). ChatGPT, by contrast, largely eliminates such errors, which can enhance 
efficiency in research-related tasks. However, this very perfection paradoxically 
makes its outputs more easily identifiable as AI-generated.  
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Cases When Human-written Texts Were Misclassified 
In the second case, themes similar to those identified in the first case re-emerged, 

particularly regarding word choice, information density, relevance, and errors. This 
highlights the overlapping criteria participants used and the difficulties of reliably 
distinguishing between human and AI summaries. 

Word choice. Repetitive phrasing and vague expressions led participants to attrib-
ute some human-authored summaries to AI: “Great summary, but wording such as 
‘well-grounded’ and ‘valuable insights’ are vague… sounding professional” (ART3 
HUM2 P12). This illustrates that stylistic overlap exists, as humans occasionally pro-
duce “AI-like” phrasing. For ChatGPT as a research assistant, this suggests that its 
outputs can blend into established academic conventions, but at the same time may 
reinforce perceptions of formulaic or overly generic language. 

Information density and relevance. A lack of detail regarding how an article re-
lated to personal research was often taken as a sign of AI authorship: “It is impersonal 
and shows that AI can summarize well but does not relate anything to personal inter-
est” (ART1 HUM2 P3). When human authors omitted such evaluative context, their 
summaries were sometimes misclassified as AI-generated. This highlights that while 
ChatGPT cannot yet convincingly perform evaluative tasks, human writers may also 
neglect this dimension, contributing to overlap and misclassification. 

Errors. Factual mistakes and grammatical slips were at times attributed to AI: 
“The summary… combination of generic phrasing and minor grammatical inconsist-
encies suggests AI” (ART1 HUM1 P13). This reflects a bias in which participants 
expected AI to produce errors resembling those made by humans, illustrating how 
perceptions of AI unreliability can distort evaluations and lead to misclassification. 

Cases When ChatGPT-authored Texts Were Correctly Classified 
In the third case, participants highlighted themes similar to those observed in the 

first and second cases, particularly word choice, structure, credibility, and errors, 
though here these features were more consistently associated with AI authorship. 

Word choice and style. Six participants described AI language as “mechanical” or 
characterized by “typical AI phrasing.” For example: “This one appears to be fully 
generated by AI. It sounds much more mechanical” (ART1 ChatGPT-4 P10). Others 
observed: “The text is repetitive” (ART1 ChatGPT-4.5 P12). Word choice was the 
most frequently cited criterion across all cases, indicating that while ChatGPT ensures 
consistency and correctness, its predictability and limited lexical variety remain its 
most prominent stylistic weaknesses. 

Structure and information density. ChatGPT was frequently recognized for its 
rigid organization: “Extremely systematic progression through all elements” (ART2 
ChatGPT-4 P13). It was also described as detailed and clear: “Very well organized, 
detailed and clear” (ART1 ChatGPT-4 P7). This consistency represents a strength, 
making ChatGPT reliable for descriptive tasks. However, its rigidity also reduces 
naturalness, reinforcing perceptions of mechanical style. 

Credibility. Formulaic credibility sections were frequently identified as AI mark-
ers: “The final paragraph about credibility reads like a standard AI template” (ART4 
ChatGPT-4 P13). While ChatGPT can reliably insert credibility indicators, they often 
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lack nuance and may appear artificial, limiting its usefulness in evaluative dimensions 
of research assistance. This observation highlights and reinforces the findings report-
ed earlier, where both models demonstrated limited critical selectiveness in assessing 
credibility. 

Syntactic complexity and punctuation. Participants frequently noted the sim-
plicity of sentence patterns and the presence of “AI-like” punctuation: “Sentences are 
mostly simple and to the point… typical AI punctuation” (ART5 ChatGPT-4 P12). 
These perceptions indicate that while ChatGPT’s preference for clarity and formula 
supports readability, it also reduces stylistic authenticity and makes its outputs more 
readily identifiable as AI-generated. 

Cases When ChatGPT-authored Texts Were Misclassified 
In the fourth case, the only recurring theme concerned credibility and relevance. 

The main reason AI-generated summaries were mistaken for human was when they 
included statements about personal research: “This one has a reference to ‘my re-
search’” (ART3 ChatGPT-4.5 P11). This shows that ChatGPT can mimic evaluative 
engagement, but such personalization remains surface-level rather than genuine. 

Additional insight emerged from participants’ comments, indicating that personal 
attitudes toward AI influenced their evaluations. One participant explicitly acknowl-
edged: “My obviously negative attitudes towards the use of AI… influence my evalua-
tion of abstract quality.” This demonstrates that predispositions toward AI can bias 
perceptions, undermining the fairness of comparative evaluations. For ChatGPT as a 
research assistant, this highlights that user trust is as critical a factor as textual quality 
in determining its acceptance and effectiveness. 

5 Discussion 

The purpose of this study was to evaluate the performance of ChatGPT-4 and 
ChatGPT-4.5 when summarizing applied linguistics (AL) research papers and to ex-
amine if these models could function as reliable research assistants. The study ad-
dressed two research questions: (1) To what extent do ChatGPT-4 and ChatGPT-4.5 
produce accurate summaries that capture key findings while adhering to the required 
structural conventions? and (2) In what respects do ChatGPT-generated summaries 
differ from human-authored summaries? 

With respect to Research Question 1, both ChatGPT-4 and ChatGPT-4.5 produced 
summaries that were factually accurate and faithful to the original texts, with no hal-
lucinations when the articles were uploaded individually and the models were guided 
with explicit, step-by-step prompts. This suggests that the newer versions of ChatGPT 
have improved in terms of accuracy and supports earlier observations that procedural 
prompting can reduce hallucinations [21] [22]. ChatGPT-4 tended to provide more 
detailed accounts of methodology and results, while ChatGPT-4.5 generated shorter 
and more concise outputs. Both models consistently followed the annotated bibliog-
raphy structure, demonstrating their reliability for descriptive summarization and 
structural conformity. However, they showed limited critical selectiveness, often rely-
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ing on surface-level credibility markers and offering only generalized statements of 
relevance, confirming limitations highlighted in prior studies [6] [17]. 

Turning to Research Question 2, the findings indicate that ChatGPT-generated 
summaries were rated as being of comparable quality to human-authored ones, with 
no significant performance differences observed across the groups. This suggests that, 
in terms of overall perceived quality, ChatGPT-4 and ChatGPT-4.5 can already per-
form at a level similar to human researchers when tasked with descriptive summariza-
tion in applied linguistics. This aligns with Hake et al.’s [5] study in medicine, where 
experts judged ChatGPT-3.5 summaries as high in accuracy and low in bias. Howev-
er, the low inter-rater agreement highlights the subjective nature of expert evaluations, 
suggesting that raters relied on diverse criteria and that judgments of summary quality 
are not straightforward. Thematic analysis helped clarify these underlying criteria. 
Participants often associated information density, repetitive or mechanical phrasing, 
rigid structure, and formulaic credibility statements with ChatGPT, while hedging, 
stylistic variety, evaluative engagement, and occasional errors were taken as indica-
tors of human authorship. This reflects broader concerns raised in applied linguistics 
and corpus studies that ChatGPT outputs risk appearing formulaic or lacking nuance 
[8]. 

The detection task further clarified these distinctions. Experts were considerably 
better at recognizing AI-authored summaries (70%) than human-authored ones (47%), 
indicating that ChatGPT output retained identifiable stylistic features that distin-
guished them from human writing. While this ability to detect AI-authored texts may 
safeguard against over-reliance on ChatGPT outputs, it also suggests that the models 
are not yet fully capable of blending seamlessly with human writing styles in academ-
ic contexts. Importantly, regression analysis revealed that perceived AI authorship 
negatively influenced ratings. This bias may be an impediment toward using 
ChatGPT as a research assistant, echoing concerns in acceptance studies that user 
perceptions and attitudes significantly shape the adoption of AI tools [15] [16]. 

The advantages and disadvantages of ChatGPT, as revealed in the findings, be-
come especially clear when compared with human-authored summaries. As shown in 
Table 4, ChatGPT demonstrates notable strengths in accuracy, structural consistency, 
grammatical correctness, and efficiency, making it particularly effective for descrip-
tive tasks and the initial stages of literature review. At the same time, its limitations, 
most notably its inability to engage critically with the material, restrict ChatGPT’s 
usefulness for tasks that demand selectiveness and nuanced interpretation. These re-
sults align with prior studies emphasizing ChatGPT’s potential as a time-saving tool 
[31], while confirming its insufficiency for tasks requiring deeper evaluation and theo-
retical integration [6] [17]. 

Table 4. Advantages and Disadvantages of using ChatGPT in AL Research Summarization 

Dimension ChatGPT (4 / 4.5) Human Authors 

Accuracy & 
Faithfulness 

Generally accurate and faithful to 
source texts, few hallucinations when 
prompted properly. 

May omit details or include 
errors due to oversight or sub-
jectivity. 
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Dimension ChatGPT (4 / 4.5) Human Authors 

Structure & 
Organization 

Consistently follows annotated bibli-
ography format. Is rigid and system-
atic. 

Structure sometimes incon-
sistent or disorganized, but 
allows flexibility and nuance. 

Information 
Density 

Provides comprehensive descriptive 
detail, reliable for factual coverage. 

More selective and concise, 
exercising critical judgment in 
deciding what to include. 

Word Choice 
& Style 

Grammatically correct, formal, and 
terminologically precise, but mechan-
ical, repetitive, and formulaic. 

Varied, natural, and authentic, 
but prone to hedging, vague-
ness, and clumsy phrasing. 

Credibility 
Evaluation 

Reliably cites surface-level markers 
(peer review, methodology, author 
info). Formulaic and lacking nuance. 

Offers more critical selective-
ness and nuanced evaluation of 
credibility. 

Relevance & 
Engagement 

General, impersonal statements. 
Cannot genuinely connect findings to 
personal research. 

Can link articles to own re-
search goals and contexts, 
showing authentic engage-
ment. 

Errors 
Few to none (spelling, grammar, 
factual slips rare). Perfection can 
make outputs identifiable as AI. 

Occasional spelling, grammar, 
or factual mistakes. Paradoxi-
cally perceived as more “hu-
man.” 

Expert Eval-
uation 

Rated as comparable in quality to 
human summaries (Mdn = 4.0). Iden-
tifiable stylistic markers make AI 
easier to detect. Bias against per-
ceived AI lowered ratings. 

Rated similarly (Mdn = 3.9), 
but more variable in quality. 
Harder to detect as human 
when vague or impersonal. 

Overall Use-
fulness 

Efficient for descriptive summariza-
tion, initial scanning, and standard-
ized outputs. 

Stronger in evaluative depth, 
contextualization, and authen-
tic voice. 

6 Conclusion 

This study investigated the extent to which ChatGPT-4 and ChatGPT-4.5 can serve as 
research assistants by generating annotated bibliographies of research articles related 
to applied linguistics (AL). The findings showed that both models are highly reliable 
in terms of factual accuracy and structural adherence, as they produced summaries 
that were comparable in quality to those written by human experts. Their ability to 
faithfully summarize topics, methodologies, and findings demonstrates they hold 
potential for tasks that require descriptive summarization and standardized formats. 

At the same time, both models exhibited limitations when providing critical eval-
uation. While they consistently highlighted peer-review status, methodological detail, 
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or author credentials as markers of credibility, the evaluations were formulaic and 
lacked critical selectiveness. Similarly, statements about the studies’ relevance were 
typically general and impersonal, and failed to demonstrate genuine engagement with 
research contexts. These weaknesses suggest that even though ChatGPT can assist in 
providing accurate summaries of the methods and results of AL research articles, it 
cannot engage critically with them nor provide nuanced reasoning as to why they 
might be relevant for the researchers’ own work. Therefore, human expertise remains 
invaluable for theory-driven interpretation. 

7 Limitations and Further Research 

Several limitations of the present study should be acknowledged. First, the dataset 
consisted of only five articles per model, which does not capture the full range of 
ChatGPT’s performance across different types of articles or subfields of AL. Second, 
although 14 experts participated in the evaluation, inter-rater reliability was low, 
which reflects the subjective nature of expert judgments and the influence of biases 
toward or against AI authorship. This limits the generalizability of the quantitative 
findings and highlights the need for further research into the criteria experts use when 
assessing summary quality and identifying AI authorship.  Third, the study only tested 
the summarization of annotated bibliographies. Thus, testing how ChatGPT summa-
rizes other formats such as structured abstracts or critical reviews may reveal different 
strengths and weaknesses. Fourth, prompting strategies were standardized but not 
systematically varied, even though prior research suggests that prompting strongly 
influences ChatGPT’s performance [21] [22]. Finally, the analysis was restricted to 
ChatGPT-4 and ChatGPT-4.5, and other iterations of LLMs may address some of the 
limitations observed here. 

Future research should expand the dataset to include a larger and more diverse cor-
pus of AL research articles and experiment with multiple summary formats. Studies 
should also systematically vary prompting strategies to assess whether evaluative 
depth and critical selectiveness can be improved. Further research should also explic-
itly investigate the criteria on which experts base their perceptions of AI-generated 
versus human-authored texts, as understanding these criteria would help clarify 
sources of bias and improve both model development and evaluation practices. Final-
ly, comparative studies across disciplines would help determine whether the findings 
observed in applied linguistics generalize to other fields, thereby clarifying the broad-
er potential and limitations of ChatGPT in academic research. 
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