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A B S T R A C T

We show that generative AI can support disadvantaged students, improve grades, and help close the attainment 

gap between pupil premium (PP) and students with special education needs (SEN). It can also alleviate teacher 

workload, especially for PP and SEN students, by minimising marking and feedback time, enabling better lesson 

planning and interventions, which can enhance teacher retention and staffing. We focus on disadvantaged stu-

dents with SEN and low-income families and use AI for personalised feedback and lesson planning in arts and 

humanities. This enables school leaders and parents to view the qualitative and quantitative student progress. The 

results of this study demonstrate the potential of using AI-based systems to help close the attainment gap between 

disadvantaged students and their peers. The intervention given to these pupils would have been an unreasonable 

demand on the current teacher workload in the UK.

1. Introduction

It is well recognised worldwide that there is an achievement gap 

between disadvantaged pupils and their ‘non-disadvantaged’ peers 

Chmielewski (2019). In the United Kingdom (UK), a study conducted 

by The Education Endowment Foundation (EEF) in 2022 found that the 

overall achievement of disadvantaged students, that is, those eligible 

for student premium funding (see Section 2.1), lagged 19 months com-

pared to their peers who were not eligible for it Edovald and Nevill 

(2021). Likewise, in Key Stage 4 (for pupils aged 14 to 16 years), among 

those who qualify for free school meals (a criterion for pupil premium 

funding), only 28.4 % managed to score a grade 5 or higher in English 

and mathematics, in contrast to 55.4 % of their counterparts not receiv-

ing pupil premium Edovald and Nevill (2021). Research by Third Space 

Learning Third Space Learning (2024) outlines several drivers for the 

attainment gap, notably parental participation, the digital gap, and the 

teacher’s role. With regard to the teacher’s role, the study highlights

evidence from previous works that suggests that one-to-one tuition and 

mentoring, tailored to the pupil’s needs is one of the most effective ways 

of closing the attainment gap. Indeed, part of this process will require 

the teacher to conduct a lesson with the pupil, evaluate the pupil’s work 

and provide tailored feedback in a timely manner. However, given re-

source constraints and class sizes in state-funded schools in the UK, this 

is not always possible Edovald and Nevill (2021); Third Space Learning 

(2024).

Feedback in education is deeply embedded in the social construct 

of schooling, with teacher evaluations of student work being a regu-

lar occurrence. Following evaluation, in the UK, student performance 

is captured using vague quantitative data that can often be confusing to 

teachers, parents, and students alike. This can create barriers for parents 

to support their children effectively and for teachers to effectively target 

areas for improvement; as a result, these parents are sometimes known 

as ‘hard to reach’ Harris and Goodall (2008). Educational research
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considers feedback to be the most effective strategy to improve student 

outcomes Hattie and Timperley (2007). However, a 2016 TES survey 

revealed that marking and subsequent feedback can take up to 11 hours 

of additional work per week for teachers. This high workload has con-

tributed to burnout and the shortage of teachers in the profession Ward 

(2016).

Recent studies have shown that artificial intelligence (AI) has the po-

tential to revolutionise education by supporting the role of the teacher 

in evaluation and feedback Adıgüzel et al. (2023). One of the key ad-

vantages of an AI system is its ability to provide real-time feedback that 

is both quantitative and qualitative. Thus, teachers can receive timely 

information on their students’ progress and areas for improvement. The 

AI system can also provide personalised feedback to individual students, 

allowing teachers to provide targeted support and interventions. This 

real-time feedback can also help parents better understand their child’s 

progress, their specific strengths and areas needing improvement Povey 

et al. (2016). As a result, an AI system could address some of drivers 

of the attainment gap highlighted earlier, notably parental involvement 

and the teacher’s role. However, AI systems are not without their pitfalls, 

with the most common issue being the quality and effectiveness of the 

AI system in providing reliable and meaningful feedback. For example, 

in Ma (2023), the researchers found that in higher education history 

courses, the use of OpenAI’s ChatGPT Large Language Model (LLM) had 

an accuracy of 90 % when translating ancient texts and historical facts.

It is against this backdrop, that this study aims to explore whether AI 

systems can alleviate the burden of marking and feedback for teachers, 

and improve outcomes for students, particularly those from disadvan-

taged backgrounds and those classified as having special educational 

needs and disabilities (SEND). Specifically, we ask if AI-generated feed-

back has helped narrow the grade gap for disadvantaged students. We 

answer this question by examining a sample of year 10 history students. 

The hypothesis to be tested is that personalised feedback provided by AI 

will lead to an improvement in student performance, measured by grades 

achieved. Government legislation since 2011 has been focused on pro-

viding extra funding to schools to help them close the attainment gap, 

with schools receiving ¥1050 per disadvantaged pupil and costing the 

UK government ¥1.65 billion in 2023 Department for Education (2024). 

Indeed in 2019, the UK Prime Minister announced his government’s flag-

ship ‘Levelling-Up’ policy which included several targets for education 

UK Government (2024b). As part of this study, research was conducted 

in a secondary school in England, with the sample students all being 

classified as SEND, varying from mild learning difficulties to autistic 

spectrum disorder (ASD). It has been shown that SEND students require 

a lot more personalised feedback, which enables them to make equitable 

progress compared to their neurotypical peers Keen et al. (2016).

The importance of feedback for learning has been widely emphasized 

and is a central issue in learning research and theory. A broad distinc-

tion can be made between behaviourist approaches which observe the 

reaction of the learner to feedback stimulations and constructivist ap-

proaches, which emphasize the role of the learner in producing and 

absorbing feedback Molloy and Boud (2014). Whilst we present sta-

tistical results about the effects of AI-generated feedback here without 

discussing the students’ learning process in detail, we maintain a con-

structivist view of learning and see the role of the AI system as helping 

students to build their knowledge.

In this paper, students were given four assignments. ChatGPT was 

configured to assess the students’ submissions, provide a grade, give 

feedback, and set a task for the students to work on as part of the post-

assignment remedial activities. Since the subject under consideration in 

this study is history and the assessments were largely essay-based, this 

paper examines situations in similar subjects, mainly in arts and human-

ities. The students’ progress and attainment following the use of AI were 

compared with their previous progress and attainment. In principle, if 

an AI-assisted learning management system could improve pupil out-

comes, then this should give a statistically significant improvement in 

grades. Further, from a teacher’s perspective, the AI system could help

reduce workload, and create a virtuous circle, i.e., improve recruitment 

and retention of teachers, provide higher quality teaching and learning, 

and enhance pupil outcomes. Skinner et al. (2021).

The following sections concisely present the rationale, research 

question and hypothesis as well as the aim and objectives of the study.

1.1. Rationale

As outlined in the introduction this study sought to address two crit-

ical problems: firstly, poor performance of SEND students and those 

from disadvantaged back-grounds which leads to the widening attain-

ment gap between these students and the rest of the cohort. Secondly, 

teacher workload is increasing due to ongoing enhancements to policy 

and outcome targets which is impacting teacher retention. The proposed 

solution is to improve efficiency, quality and personalisation of feedback 

by using an AI based system. In this way, the application of AI enables a 

level of feedback that is difficult to achieve otherwise due to the consid-

erable effort required, helps close the attainment gap, and helps reduce 

the workload of teachers.

1.2. Research question and hypothesis

Based on the study rationale, the research question for this study 

is: how might the use of AI enhance the performance of disadvantaged 

students in secondary education, notably in an arts and humanities con-

text? Given this, the hypothesis of this study is: Using an AI-based system 

to provide personalised feedback to students leads to improved student 

outcomes as measured by grades achieved.

1.3. Aim

The aim of this study is to investigate whether the use of AI systems 

in teaching and learning can help improve outcomes for students, par-

ticularly those from disadvantaged backgrounds and those classified as 

having special educational needs and disabilities (SEND). This research 

is timely since, despite the growth in the field of AI in education, studies 

demonstrating significant, measurable academic gains for disadvantaged 

students at the secondary level are scarce.

1.4. Study objectives

The primary objective of this study was to investigate whether the 

use of an AI-based system to provide personalised feedback to stu-

dents improves outcomes for students, notably those classified as pupil 

premium and/ or students with special educational needs.

The secondary objectives of this study were:

• To evaluate students’ work and provide customised feedback using

an AI based system .

• To assess the impact of AI usage on alleviating teacher workload and

improving retention by reducing marking and feedback time.

• To investigate to what extent AI can help close the attainment gap be-

tween pupil premium students and students with special educational 

needs.

• To demonstrate that a richer qualitative and quantitative student

feedback enhances the usability and understanding for teachers, 

students and parents.

1.5. Paper organization

The remainder of the paper is divided as follows.

• Section 2 surveys the literature to provide background information

and presents essential definitions for the English education system.

• Section 3 describes the methodological framework used in this study.

• Section 4 presents the results.

• Section 5 discusses the results.

• Section 6 draws the conclusions of this work.
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2. Background and definitions 

2.1. Terminology

This investigation is situated within the framework of the English 

educational system, in which several definitions are routinely employed. 

We adopt these definitions and elucidate them in this section for the sake 

of clarity and the benefit of readers unfamiliar with the system.

Pupil premium (PP)

PP is a grant given to schools for pupils who fall into at least one of 

the categories listed below.

• Pupils who are recorded as eligible for Free School Meals (FSM), or

have been recorded as eligible in the past 6 years (referred to as Ever 

6 FSM).

• Children previously looked after by a local authority or other state

care, including children adopted from state care or equivalent from 

outside England and Wales Department for Education (2024).

PP is often used to define a group of pupils rather than a single 

individual.

English as an additional language (EAL)

EAL describes a diverse and heterogeneous group of learners who 

speak English as an additional language. In England, such learners are 

defined as those who have been ‘exposed to a language at home that is 

known or believed to be other than English’ Department for Education 

(2020).

Special educational needs and disabilities (SEND)

SEND is a term used to describe learning difficulties or disabilities 

that make it difficult for a child or young person to learn compared to 

children of the same age.

Technologies

Learning Management Systems (LMS) are platforms designed for the 

administration and delivery of educational content and activities on-

line. They are used by educational institutions, corporations, and various 

other entities to facilitate access to online learning resources for stu-

dents or employees. Canvas and Moodle are prominent examples of open 

source LMS options widely used worldwide Firat (2023).

Intelligent tutoring systems (ITS), in contrast to traditional class-

room teaching and massive open online course (MOOC) platforms, 

prioritise automating and personalising the learning process for stu-

dents, which requires several essential components, including automatic 

grading models and personalised guidance tools Almasri et al. (2019).

2.2. AI in education

AI refers to computational systems that are capable of mimicking 

human behaviour and intelligence to make decisions McCarthy (2007), 

showing human-like ability to extract insights from past experiences and 

outcomes Hooda et al. (2022). The use of AI is emerging as a trans-

formative force in redefining pedagogical approaches and addressing 

the diverse needs of learners. Educators are increasingly exploring the 

potential of AI to promote educational transformation, revolutionise 

classroom dynamics, and optimise student outcomes. Further, with AI 

applications in student performance prediction and intelligent tutoring 

systems among many others, there are numerous issues and concerns 

that need to be addressed through the implementation of AI ethics prin-

ciples that should be built into the systems from the outset Bahroun et al. 

(2023); Crompton and Burke (2023); Yu (2024).

The work of Moodley et al. (2020) proposes a method to forecast 

student performance using an AI approach based on data mining and 

probability theory to address persistent absenteeism—a significant bar-

rier to a pupil’s educational and personal growth. In this study, the 

authors identified specific days and dates with low attendance rates and 

proposed recommendations to implement effective interventions.

A recent study by Muthuselvan et al. (2024), introduces a novel 

method for predicting student academic performance through advanced 

data analysis and AI techniques. By integrating diverse factors such 

as demographic attributes (e.g., gender), educational indicators (e.g., 

SSLC scores), social factors (e.g., number of siblings), and logistic details 

(e.g., travel time). This method offers a comprehensive view of student 

academic progress, empowering educators to tailor interventions and 

support strategies effectively.

The RadarMath system developed by Lu et al. (2021), stands out 

in the landscape of ITS educational technology for its innovative fu-

sion of AI-driven automation and personalised guidance. By integrating 

these features, it creates an interactive and adaptive learning environ-

ment that enhances mathematical comprehension and improves learning 

outcomes. The platform employs AI models to optimise assessment pro-

cesses, offering automatic grading services for both text- and formula-

based maths questions. Additionally, its personalised learning guidance, 

powered by an education-centric knowledge graph, customises learning 

paths to each learner’s specific knowledge state.

Beyond that and with the use of Generative AI, Intelligent Teaching 

Systems (ITS) can now generate personalised course content and plans, 

adjusting difficulty and content based on student performance, while 

also providing real-time feedback and facilitating interaction with par-

ents and teachers for comprehensive educational support Khosravi et al. 

(2022); Yu and Guo (2023).

2.2.1. Generative AI for education

Generative AI is a set of computational methods that use AI tech-

nologies and algorithms to recognise patterns and relationships between 

data points to create novel and meaningful content, such as text, im-

ages, and audio Feuerriegel et al. (2024). LLMs are a type of generative 

AI that have been extensively trained on large text sets to produce 

new text data. These models have shown remarkable efficacy in various 

text processing tasks, including but not limited to language translation, 

question-answering, and text generation Zhou et al. (2024).

A survey conducted in May and June 2023 by Ghimire et al. (2024), 

at a medium-sized research university in the western United States, 

suggested that the idea of employing generative AI models and large 

language models (LLMs) as a personalised tutor tailored to individ-

ual learning needs received enthusiastic support from the respondents. 

Faculty members from across the university participated in an investiga-

tion of educators’ perspectives on the integration of generative AI tools 

and LLMs in educational practices. Using a mixed-methods approach, the 

survey collected quantitative data using the Likert scale Likert (1932) 

and qualitative insights through interviews, providing a comprehensive 

understanding of educators’ attitudes towards these technologies.

Although the survey revealed a considerable level of enthusiasm and 

optimism among faculty members regarding the potential of generative 

AI tools and LLMs to revolutionise education, it also uncovered some 

concerns, such as the potential for automation to overshadow critical 

thinking skills and the challenges in maintaining academic integrity in 

AI-driven learning environments. However, respondents recognised sev-

eral benefits, including the potential to automate repetitive tasks, such as 

grading assignments, offering personalised feedback, crafting test ques-

tions, and even identifying flaws and biases in students’ arguments, 

thus enabling educators to devote more time to meaningful aspects of 

teaching, as well as enhancing student engagement through personalised 

learning experiences.

These findings have important implications for educational policy, 

curriculum development, and future research in the field, as educators 

navigate the opportunities and challenges presented by AI integration 

in education.

While the survey did not focus on one specific LLM, many prominent 

models and applications were considered, such as ChatGPT, powered by 

the GPT model, which has gained widespread attention for its remark-

able ability to produce coherent, structured, and informative answers,
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and has become the fastest-growing user application in history, achiev-

ing 100 million active users by January 2023, a mere two months after 

its introduction Lo (2023). Other popular LLMs include Gemini, Llama, 

BERT, and Phi-3 John Rush (2024).

2.2.2. ChatGPT for education

A review of ChatGPT’s uses in educationJauhiainen and Garagorry 

(2023) found that its application has predominantly been studied in 

higher education, focussing on creating teaching materials and assess-

ment tasks.

Research has shown that ChatGPT can help teachers organise ex-

ercises, activities, and quizzes and obtain information tailored to stu-

dents’ learning styles Rahman and Watanobe (2023). Its ability to 

support teachers by reducing their workload is particularly significant. 

Automating the creation of educational materials and assessments, al-

lows educators to dedicate more time to direct student interaction 

and personalised instruction Karaman and Göksu (2024); Rahman and 

Watanobe (2023). It can explain solutions to complex problems, gener-

ate new exercises, and provide instant feedback, thus saving valuable 

time for teachers, as shown by Kasneci et al. (2023); Liang et al. (2023). 

In instructional design, ChatGPT offers a new dimension by providing 

instant feedback on the design and planning of educational activities, in-

cluding course curricula, schedules, lesson plans, and evaluation studies 

Farrokhnia et al. (2024); Lo (2023); Zhai (2022). Its ability to create in-

novative materials and organise multimedia presentations, encourages 

active learning and interaction between teachers and students Mondal 

et al. (2023).

These capabilities make ChatGPT a viable instrument for mod-

ernising educational methodologies and enhancing learning outcomes. 

This is substantiated by the study conducted by Hashem et al. (2023), 

which demonstrated a significant increase in student motivation regard-

ing listening skills as well as an increased interest in learning. These 

findings imply that ChatGPT can play a pivotal role in improving student 

engagement and optimising educational results.

However, as mentioned in Hashem et al. (2023), the initial responses 

of ChatGPT may lack depth, so providing detailed and precise instruc-

tions can improve the clarity of its responses and reduce the chance 

of oversimplification. Well-designed prompts demonstrate how collabo-

ration between AI and human expertise can ensure that the context of 

tasks is maintained and enhance the quality of generated responses. This 

highlights the importance of balancing the input of ChatGPT with that 

of teachers, recognising their crucial roles in integrating AI into lesson 

planning, while also preventing burnout.

2.2.3. Bridging learning gaps with ChatGPT

In recent years, intensive, in-person tutoring has demonstrated sig-

nificant positive effects on students’ learning outcomes at a reasonable 

cost. During the COVID-19 pandemic, learning deficits were particularly 

pronounced for disadvantaged children, of low socioeconomic back-

grounds, who were more affected by school closures than their more 

advantaged peers. These children face disadvantages in access to digital 

learning technology, the quality of their home learning environment, 

the support they receive from teachers and parents, and their ability 

to study autonomously Betthäuser et al. (2023). The global negative 

impact of the pandemic on education highlighted the effectiveness of 

tutoring programmes in narrowing the educational gaps that widened 

during this period. Therefore, many governments, including the UK, in-

troduced online tutoring to counter these negative effects Hupkau et al. 

(2024).

By providing scalable and personalised learning assistance, ChatGPT 

can help address these educational challenges Sullivan et al. (2023). 

It can offer real-time support, answer questions, and explain difficult 

concepts in a variety of subjects, making it a valuable tool for stu-

dents who may not have access to in-person tutoring. It can also adapt 

to each student’s learning pace and style, providing tailored resources 

and exercises to reinforce understanding. Furthermore, ChatGPT can be

available outside of traditional school hours, offering students flexibility 

and additional support whenever they need it. This level of personalised 

and accessible assistance can help bridge the gap for disadvantaged 

students, ensuring that they receive the support necessary to succeed 

academically.

2.2.4. Issues

As we have seen, AI holds great promise for improving educational 

outcomes. It raises questions about data privacy, plagiarism, the role of 

human agency in the learning process and other considerations related 

to the ethical and practical implications of its adoption. As educators 

navigate these complexities, it is imperative to approach AI integration 

thoughtfully, ensuring that it aligns with pedagogical goals and ethical 

principles.

Most of today’s AI applications revolve around machine learning, 

where programming skills are not directly needed. Instead, these appli-

cations learn and adjust based on user behaviours and trends, making 

data essential for their functioning Tahiru (2021). However, this also 

means that issues like privacy, trust, ethics and social impact must be 

carefully considered when using AI in education Internet Society (2017), 

as it poses several ethical risks to students’ personal information, in-

cluding privacy infringement and data leakage risks. This can lead to 

the disclosure of personal information due to the secondary exploitation 

of students’ private data and network fraud caused by data trafficking 

Huang (2023). Therefore, it is critical to implement strategies to enhance 

student personal data protection, which include various approaches, 

such as raising awareness among students about self-protection through 

targeted classroom sessions, involving them in case studies, and engag-

ing them in activities related to managing their data, providing them 

with legal remedies against infringement of data privacy and improv-

ing IT industry self-regulatory mechanisms to develop a consensus about 

user privacy protection in line with GDPR and data protection legislation 

Huang (2023).

As AI develops and becomes more ubiquitous, with students expect-

ing an instant response to a question from a sophisticated chatbot, the 

role of the human teacher may change to become a facilitator and 

supporter, rather than teaching students directly. As a cost saving ex-

ercise, the use of AI may be attractive to education budget managers. 

The current furore and concerns regarding the employment of physician 

associates to more cheaply ’replace’ doctors with less qualified prac-

titioners Kmietowicz (2023), may indicate a possible future whereby 

teaching associates support students rather than qualified teachers, who 

may be retained for producing updated content for the AI system to de-

liver, but whose numbers will likely be small relative to the associates 

who would provide the bulk of the direct student contact.

Another concern is students cheating on their non-exam assessments 

or coursework. Anecdotally, students using ChatGPT and other AI sys-

tems can be identified through the almost perfect grammar produced 

by these systems, the ‘made up’ references and the inaccuracies that are 

both plausible and incorrect. Whilst these issues are being explored, with 

technology being developed to stop plagiarism, this is still in its infancy, 

and the more convincingly human the AI gets, the more difficult it will 

be to identify. One way that the issue of plagiarism can be overcome 

is by students being educated on the effective use of AI to support and 

engage their learning, rather than relying on AI to create work with-

out a learning process. By using AI as a tool, students can extend their 

learning towards greater understanding of the topic. However, it must 

be acknowledged that some students will cheat, game the system, or act 

strategically to improve their results and that no amount of education 

or training can prevent bad actors from attempting to circumvent the 

rules.

Digging deeper into education, individual subjects are looking at how 

their area is being impacted by AI. In Cooper (2023), the authors found 

that the use of LLMs runs the risk of “creating a single truth” where re-

search is assumed to be correct without proper grounding. An additional 

issue is that there is little room for innovation and new knowledge. This

Social Sciences & Humanities Open 12 (2025) 102110 
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is particularly concerning when it is considered that all LLMs rely on 

previous knowledge in order to learn, and if relied upon by students 

and academics, may result in new knowledge being reduced in favour 

of re-using and re-purposing old knowledge.

Furthermore, while Generative AI tools, like ChatGPT, excel in their 

efficiency and provide rapid feedback, they exhibit some limitations. In 

a study conducted at the University of Queensland, Australia Li et al. 

(2024), ChatGPT was instructed using a set of prompts, to mark the as-

sessment of college students’ coding assignments and a self-reflective 

essay based on a marking rubric. Results showed that ChatGPT can 

increase written assessment marking efficiency, reduce costs, and po-

tentially decrease bias by offering a moderating perspective. However, 

it struggled with nuanced or creative responses, often producing vari-

able results even with clear rubrics and prompts. ChatGPT was able to 

evaluate both coding and reflective assessments and distinguish between 

different quality assignments, demonstrating high consistency and accu-

racy for higher quality assessments, similar to human marking. It was 

also able to generate detailed justifications based on the rubric and as-

sessment task description. For lower-quality submissions, however, the 

model showed reduced accuracy and inconsistency in aligning feedback 

with marks, likely due to the overall difficulty of discerning border-

line pass/fail assessments while marking. Additionally, its reliance on 

training data introduces challenges in addressing context-specific or sub-

jective tasks, unlike the more objective coding task for example. These

findings highlight the importance of combining AI systems with hu-

man oversight to ensure meaningful, reliable and pedagogically sound 

feedback, making AI a powerful tool for enhancing education.

A broader survey Xia et al. (2024), that reviewed 31 articles on 

Generative AI’s role in transforming higher education assessments, 

found that 26 % of the reviewed articles emphasized the need to bal-

ance AI-assisted methods with human-centred approaches. This balance 

allows human-centred assessment to focus on areas where Generative AI 

falls short, such as higher-order thinking skills like creativity and critical 

analysis, while taking advantage of its strengths in tasks like improving 

writing skills through proofreading, critique and editing. Additionally, 

the survey highlighted that Generative AI tools offer significant ben-

efits including perceived unbiased feedback, immediate and diverse 

responses as well as enhancing students’ self-assessment capabilities. 

However, it also poses a significant challenge to academic integrity by 

raising ethical concerns such as potential misuse.

Given these ethical challenges, the need for regulation is clear. 

Accordingly, UNESCO has published guidelines calling for the regulation 

of Generative AI in education UNESCO (2023), to address the problems 

that Generative AI might pose to children, as well as to support edu-

cators in the best way. Although regulation is challenging, it highlights 

the critical need to develop strategies to maximise the effectiveness of 

Generative AI and the use of tools like ChatGPT in the classroom. For 

this study, we do not aim to evaluate particular strengths and weak-

nesses of ChatGPT, nor do we aim to compare ChatGPT to other large 

language models. This is justified since the general results should be 

transferable because all Generative AI models have similar aims and 

ChatGPT is generally considered a leading product.

Looking at recently published literature (from 2024 and 2025) not 

included in the review Xia et al. (2024), we note that their focus is dif-

ferent from our study. Er et al. (2025) compares human feedback with 

AI-generated feedback and finds human feedback superior. In contrast, 

we are in a scenario where AI allows one to increase the amount of feed-

back, given the resource constraints in schools. Banihashem et al. (2024) 

compares peer feedback with AI-generated feedback in a higher educa-

tion setting, not in a school, as in our case, with a wide range of students. 

Peer feedback is the topic of Shin et al. (2025) as well. Here, secondary 

school students receive peer review and AI-generated feedback, show-

ing that peer feedback is generally preferred by students. Meyer et al. 

(2024) compares giving no feedback, but still asking students to do exer-

cises, with giving AI-generated feedback. The study compares cognitive 

and affective-motivational outcomes. In contrast, in our study students

do additional exercises and we look at marks in national GCSE exams. 

Nazaretsky et al. (2024) examines if students value different feedback 

differently, showing that AI-generated feedback, if revealed as such, is 

considered less valuable by students than feedback of unknown origin.

Looking at these papers, our study is novel in so far as it focuses 

on disadvantaged students and measures the influence of AI-generated 

feedback on marks in a national examination system.

3. Methodology 

3.1. Research methodology

The study followed the well-recognised Action Research methodol-

ogy, as outlined in Coghlan (2019). This approach was selected because 

the lead researcher was conducting research in his own organisation 

and focused not only on being able to describe, understand, and explain 

the issue, but also on using the data to resolve the underlying issues, 

thus improving the outcomes for the participants, the researcher, their 

organisation, and society at large.

This section details the experimental approach used in this study, 

with the data generated presented and discussed in Section 4.

3.2. Proof of concept 

3.2.1. Sample and approach

An initial proof-of-concept experiment was conducted to understand 

the viability of the larger study. As this is a pilot study, variability among 

students and teachers for example, in the nature of the interventions and 

support, is revealed in the data. Using purposeful sampling, a sample of 

nine underperforming, disadvantaged students in Year 10 (15 years old) 

were given four assignments to complete in their History course, a month 

before their year-end exams. The purposeful sampling technique was 

used as studies have shown it to be effective when resources are limited 

and when selecting individuals or groups of individuals that are espe-

cially knowledgeable or have experience in the phenomenon of interest, 

in this case, experience of being disadvantaged and/or having special ed-

ucation needs, and underperforming at school Palinkas et al. (2015). In 

addition to this sample being selected as students met the criteria of be-

ing disadvantaged pupils who were underperforming, they also met the 

criteria set out by the UNESCO guidance of students being over the age of 

thirteen when interacting with generative AI systems UNESCO (2023). 

The UNESCO guidance for generative AI in education and research 

emphasizes the importance of a ’human-centred approach’; therefore 

during this research, students were regularly checked on and supported 

with the use of the AI-generated content Miao and Holmes (2023). To 

ensure the ’human centred apporach’ all feedback was checked by the 

teacher for quality assurance but not edited in any way, and the students 

had time to speak to the teacher to clarify interpretation of feedback. 

ChatGPT was optimised to grade assignments by developing appropriate 

prompts, provide relevant, customised feedback, and provide a reme-

dial or extension task for students to complete to improve their writing, 

knowledge, and overall grade. The control group was the rest of the 

year group studying GCSE History. These students received the same 

lessons as the experimental group; the experimental group was given an 

added task as an intervention which was then marked by AI. The con-

trol group from other classes had the same teachers and resources (apart 

from the AI intervention). There were also PP and SEN students in these 

classes. Some general information about the demographics of the school 

in question can be found in UK Government (2024a).

3.2.2. Outcome and lessons learnt

Unfortunately, these nine students did not complete a quarter of the 

assignments, and most of them did the assignments the day before the 

assignment was due. Consequently, the students performed poorly in 

their exams (Summer year 10 mock exams). This was not unexpected, 

as the student sample was chosen because they had known barriers that 

prevented them from progressing as expected.
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As a result, the researchers realised that more needed to be done 

for them to improve their performance in their GCSE exit exams, which 

were to be held the following year. Students were spoken to about their 

exam results and were told about the opportunity they were part of, 

including how AI could help them if they completed the assignments 

on time. Parents were also contacted for support and given a detailed 

presentation of the study, including the aims and objectives, and how 

this could improve their child’s learning outcomes. Parents and students 

were also reminded that AI is just a tool, and ultimately it is the teachers 

and other stakeholders who play a key role in developing the student’s 

attitudes and skills. The students were more engaged and wanted to gain 

feedback from AI based on the poor exam results they had achieved a 

few months before. This could be a common pattern in maturity and 

developing study skills prior to a set of exams.

3.3. Main experiment

In light of the issues encountered with the proof-of-concept study, 

the main experiment was conducted as follows:

1. At the start of the academic year (September), the same nine stu-

dents who were part of the initial study were asked to reflect on 

their previous year’s exam grades, where they had failed to submit 

assignments to be marked and respond to feedback given by the 

AI system.

2. For the main study, consent was obtained again from both the

students and their parents.

3. Over a six week period, students were given four extra assignments

in GCSE History. These were:

∙ Life in 1920s Germany

∙ Stresemann and recovery

∙ Explain why there were challenges to the Weimar Republic

∙ Nazi control and the road to dictatorship 1933–1939

4. Assignments were spaced two weeks apart to allow students to

write an essay and to have time to react to the feedback generated 

by the AI system

5. The AI system leveraged OpenAI completions (Playground) turbo

3.5 which was trained using mark schemes and other relevant 

assignment criteria

6. To ensure student anonymity, their names were removed from

their assignments upon submission and changed to student let-

ter codes, e.g,. ’Student A’ this meant their names were not 

shared with ’OpenAI’ and from this point all data stored for the 

experiment was anonymised.

7. Students submitted their assignments on Microsoft Teams, which

were then copied into the OpenAI Playground to review the 

students’ answers and provide feedback

8. Students then used the feedback to make improvements or to

expand their knowledge where it was found to be lacking

9. Students took their winter mock exams (year 11 mock exams) in

December, which were marked by the school’s history department 

in the usual manner for all students

10. The data from these mock exams were then compared to exams

that were taken six months earlier (Summer year 10 mock exams)

Fig. 1 gives a schematic view of the research workflow. 

It should be noted that the main experiment was completed using 

largely a positivism paradigm in that the lead researcher did not teach 

or have direct lesson contact with the students, but processed their work 

using the AI system and submitted the system-generated feedback to the 

students without providing any additional thoughts or inputs to both the 

students and teachers. The results of the main experiment, which was 

conducted in July and December 2023, are discussed in Section 4.

3.4. Ethical considerations

Whilst the use of AI may appear to be the panacea for the future 

of learning, it should be noted that there are significant practical and 

ethical issues that should be considered. Firstly, there are huge re-

source and environmental implications for the sustainable use of AI Van 

Wynsberghe (2021). In the context of this study, and beyond the wider 

implications, this also includes the cost of training the system, teacher 

time allocation for oversight and the provision of technical support. This 

begs the question of whether the ‘human centred’ approach may be re-

source and time costly and could add significant pressures on teachers. 

This may particularly be the case where individualised learning applies 

to large class sizes. However, it is important to also note that the use of

Fig. 1. Flow chart describing the research process and AI intervention for this study.
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Table 1 

Results of students from the main experiment in year 10 and year 11 mock 

exams.

Student PP EAL SEN Year 10 Mock

(July)

Year 11 Mock

(December)
Code Gender

A F Y Y Y U 4

B F Y Y N U 6

C F N N Y U 5

D M Y N Y 2 4

E M Y Y N 4 5

F M Y N Y 2 3

G F Y N N U 3

H M N Y Y 2 7

I F N Y Y 2 7

mean±std 1.3 ± 1.33 4.8 ± 1.45
median 2 5 

interquartile range 2 4

AI for providing feedback, streamlining administration and supporting 

continuous learning may reduce a teacher’s workload Uddin (2024).

The key here is how well AI is integrated into existing systems, the 

support and training offered to teachers, and the avoidance of reliance 

on AI to provide answers for everything, which may impact the ability of 

students in critical thinking and analysis Cooper (2023). Further, there 

may be issues around deep learning (or lack thereof) through the quick 

and observably comprehensive (although not always accurate) responses 

to relatively simple prompts. The use of AI tools, particularly LLMs pro-

vides tempting opportunities for plagiarism. Students find that outputs 

from AI are perfectly written, with excellent punctuation, grammar and 

structure, even if the detail may be lacking in accuracy. Students may not 

have sufficient prior learning to discern the accuracy of the AI outputs 

and may utilise them uncritically. This means that not only are students 

in danger of not learning much, but they are also subject to the percep-

tion that AI can provide answers better than they can (and therefore gain 

higher grades). This dishonesty in passing off AI produced work as their 

own, not only undermines the ability of the education system to assess 

students according to ability, but it also means that there is a possibility 

of a significant number of students passing assessments in subjects they 

have little or no understanding of.

In addition, the lack of privacy and concerns about GDPR and fun-

damental rights issues when using AI should be considered. The ability 

of AI systems to monitor both students and teachers, including student 

identification, progress, grades and so on, means that any assurances 

that student work, identification etc., will not be used in further train-

ing of AI systems cannot be verified. The key issue here is that there is a 

lack of agreement about who should regulate AI in education or how it 

should be regulated Berendt et al. (2020). There needs to be a balance 

of risks and benefits of using AI technologies, including the right to opt 

out of data collection, ensuring that data is accurate and that it is not 

re-purposed without permission or used for profiling and surveillance.

The use of AI as part of teaching might also encourage students to 

use AI more broadly, including in unethical manners. In particular, stu-

dents may be tempted to use AI to produce work for submission. Clear 

communication about the use of AI, why it is used, and why other 

uses are considered unethical is therefore imperative to ensure students 

understand the situation and act ethically.

4. Results

Results of the students’ winter year 11 mock exam in the main exper-

iment and summer year 10 mock exams are presented in Table 1. From 

the data provided in Table 1, it can be seen that in the year 10 mock 

exams, the average mark was 1.3, with four students receiving a ‘U’ (un-

graded mark). In contrast, in the year 11 mock, the same group received 

an average mark of 4.8, with no students receiving an ungraded mark.

Table 2 

Average grades for mock tests.

Group
Year 10 Mock 

(July)

Year 11 Mock 

(December)

Grade Points 

(±)

Whole year group (101) 2.9 4.1 1.2

Other PP & SEN (25) 2.6 2.7 0.1

Main Experiment students (9) 1.3 4.8 3.5

Non PP & SEN (67) 3.4 4.4 1

Fig. 2. Development of marks for various groups of students. A much higher 

improvement is noted for students participating in the experiment, showing the 

impact of generative AI on student attainment.

It can be argued that other factors could have influenced this 

outcome beyond the AI system. Studies show that students typically 

improve their exam results from year 10 to year 11, driven in part by 

student maturity, more learning, and greater emphasis on studying and 

exams in year 11 versus year 10 Kemp and Berry (2023) ‘using data 

in the classroom’ that on average over a space of four months students 

with no intervention would only make less than half a grade in progress. 

Although this may well be the case, it should be noted that all stu-

dents will be exposed to these factors at school, with studies showing 

that typically non-pupil premium students derive greater benefit from 

these drivers and their year 11 exam results improve to a greater extent 

compared with their pupil premium peers Edovald and Nevill (2021).

To verify the impacts of these other factors, we compare the results of 

the other students in the year group, serving as a control group, with the 

students who participated in the main experiment in Table 2 and Fig. 2. 

As noted in Table 1 students from the main experiment improved their 

exam marks from 1.3 to 4.8. In contrast, other PP & SEN students, those 

who were not part of the main experiment, improved slightly from 2.55 

to 2.7. The non-PP & SEN students improved from 3.4 to 4.4, which 

is more than the other PP & SEN students, but significantly less than 

the students in the main experiment. Data for the whole year group, in-

cluding the experimental group, showed that the exam results improved 

from 2.9 to 4.1. Overall, the results of students from the main exper-

iment group show a clear outperformance of all other student groups 

for GCSE History. In Fig. 3, we compare the improvements to expected 

improvements of typical students of different attainment levels.

To reinforce our findings, we present historical data gathered in pre-

ceding years within the School (Fig. 4). It is evident that, in prior years, 

students with PP and SEN exhibited lower performance, both generally 

and comparatively, in relation to their non-PP and SEN counterparts.
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Fig. 3. Development of marks for the students in the experiment, compared to a 

typical expected development for students with low (LAT), medium (MAT), and 

high (HAT) attainment. Source DPA: GCSE History flight path.

Fig. 4. Historical grades collected at Ditton Park Academy from the academic 

year 2020/2021 to 2023/2024.

The control group, depicted as a dashed black line, comprises nine stu-

dents with SEN/PP in the academic year 2023/2024. It was observed 

that, during this period, the control group successfully narrowed the per-

formance gap relative to their peers without SEN/PP requirements and 

achieved notably better results compared to earlier years. Additionally, 

it should be acknowledged that grade inflation occurred during the 

COVID-19 pandemic as a consequence of teacher-assessed grading Jack 

(2024).

4.1. Results validation

Paired hypothesis testing was employed to analyse the history grades 

from the Year 10 Mock (July) and Year 11 Mock (December) for the nine 

students involved in the experiment, trying to substantiate the observ-

able quantitative difference in grades with a quantitative approach. We 

formulated a null hypothesis, 𝐻 0 

, to represent the case where there was 

no statistical difference between the results for Year 10 Mock (July) and 

Year 11 Mock (December), i.e., the differential grade is null, and chose

Table 3 

Results of hypothesis testing (with 𝛼 = 0.05).

Test r p-value null hypothesis

Paired t 1.89 0.00046549 rejected

WSR 0.87 0.0088488 rejected

a confidence level of 95 % (i.e. a significance level 𝛼 = 0.05) for all 

statistical analyses.

Following an initial Shapiro-Wilk (SW) test Shapiro and Wilk (1965) 

to test for normality of the distribution of the differences in the grades in 

years 11 and 10 we could not reject the assumption of normality (p-value 

is 0.2309) and performed a paired t-test Hsu and Lachenbruch (2014) 

which confirmed the observed difference in the grades (Table 3). The

results of the Wilcoxon Rank Sum tests are shown in Table 3, and they 

confirm our observations.

We are aware of the limitations that our small sample size may 

impose on the SW test; we calculated its a priori statistical power to 

be 0.2627. This value falls below the generally accepted threshold of 

0.8, indicating that the normality assumption required by the t-test is 

poorly met. Because of this uncertainty, we also performed the Wilcoxon 

Signed-Rank (WSR) test to eliminate the assumption of normally dis-

tributed data, as it is uncertain. Again, WSR supports the observation 

that the difference between the sample change and the expected change 

is large enough to be statistically significant (Table 3).

From the data presented in Table 3, it is evident that the p-values are 

considerably lower than 𝛼, suggesting a clear rejection of 𝐻 0 

in favour 

of the alternative hypothesis. Furthermore, the observed effect sizes ‘r’ 

are large. Thus, it is concluded that the history grades of the Year 10 

Mock (July) are statistically different from the Year 11 Mock (December)

for the nine students within the experiment, validating our conclusion 

that the grades obtained in the Year 11 Mock are better than the grades 

obtained in the Year 10 Mock.

Despite the modest sample size, as reasons for this detailed in 

Section 3.2.1, the observed effect size and statistical significance are 

remarkably robust, indicating a substantial impact that merits further

investigation on a larger scale (as further commented on in Section 6.1).

We also note that the improvement in grades from the Year 10 Mock 

to the Year 11 Mock falls within a range of 0.1 to 1.0 points for students

who were not part of experiment. Indeed trends within this range are 

consistent with the literature, where PP pupils typically make slower

progress and fall in the lower end of the range, while their non-PP peers 

make better progress, and fall in the upper end of the range Edovald 

and Nevill (2021). Given that all students in the experiment were PP 

pupils, we formulated a second statistical test with a null hypothesis 𝐻 0 

to represent the case where there is no statistical difference between 

their progress and that of their peers who were not part of the study. As 

a result, if this null hypothesis is accepted, then it can be concluded that 

the use of AI to improve student performance has no impact.

Students within the experiment saw their progress from the Year 10 

Mocks to the Year 11 Mocks improve by 3.5 points on average. Analysing 

the data using the Inter-quartile range (IQR) we note that the lower 

bounds and upper bounds for the 0.1 to 1.0 range are −0.35 and 1.45 

respectively. Given that 3.5 is significantly above the upper bounds, 

it can be concluded that the results were impacted by drivers beyond 

the normal progression from Year 10 to Year 11. As a result, we reject 

the null hypothesis, and conclude that the use of AI to improve student 

performance has made a significant, positive impact.

4.2. Qualitative feedback

Apart from quantitative data presented before, we also collected 

qualitative feedback from students. Table 4 shows the selected
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Table 4 

Qualitative feedback from students.

‘I have found the feedback useful and being in a routine’ 

‘and doing work in a timely fashion has really helped prepare me for the exam.’ 

’I missed one of the lessons and I was struggling to do the assignment, 

but the feedback from the AI was able to fill in gaps and misunderstandings.’ 

‘I felt so much more confident in my exam doing that little extra work.’ 

‘I was getting feedback for things I never realised when making mistakes.’ 

‘I found the feedback easy to read and personalised to me, the bullet points helped.’

statements from the students. They confirm that the ideas behind our 

study were recognised by the students.

5. Discussion

These students were selected as an intervention group due to a range 

of struggles based on SEN and PP disadvantaged backgrounds. We can 

see that in Year 10 their grade average was 1.3 among all nine of them. 

Even though we tried to give them support with the use of AI they strug-

gled to use it effectively (see Section 3.2.2) and compared to other SEN 

and PP students in the year group they achieved the average grade of 

2.7.

In the year 11 mock exam, with more time and supportive encourage-

ment, they completed each task weeks before their assessment and were 

able to use the feedback to improve their exam technique and knowledge 

check. We can see their progress from an average grade of 1.3 to 4.8 as a 

significant improvement. When compared to the rest of the PP and SEN 

students in the cohort (18 PP only, 4 SEN only, 3 both) these students 

started on a higher average grade of 2.6 and made a slight improvement 

to 2.7 grade average.

Therefore, we can see that with effective support from the teacher 

and engagement from students in the use of AI, students can make sig-

nificant progress. If this technology were implemented into a workable 

learning management system, students would have access to their own 

personal AI assistant supporting them in their learning, allowing all to 

reach their full potential, and closing the attainment gaps for vulnerable 

students.

As with all studies examining a sample to confirm a hypothesis, there 

are limitations to our findings. We note at least the following points:

• We have limited sample sizes (nine students doing the AI exercises).

We show in Section 4.1 that our results are statistically significant, 

but this does not exclude a slim chance of them being a random 

result. More studies to confirm the results are welcome.

• External influences may affect the results. The study was conducted

over one year, which means there could be other influences (e. g. 

maturity of students or family situations) changing over this time. It 

could also be that more specific learning influences (e. g. external tu-

toring) were taking place. Whilst we did check for any such changes 

and did not notice any significant issues, the study is clearly taking 

place in a real-world setting and is not fully controlled.

• The AI system used is not fully reliable and can produce incorrect

results or hallucinations Lappin (2024). This can influence the re-

sults, but we believe that minor glitches will not render the exercise 

useless, since students still spent time on learning and reflecting on 

their results. In particular for the essay exercises this is part of the 

learning process.

• The study was conducted with history students. It may not apply the

same way to other subjects, e. g. mathematics, where single incorrect 

results from the AI could have a much larger impact.

• Technology changes and may become outdated. We believe that AI-

based tools will improve and the results should still be valid, but

substantial changes in what AI can offer may create a completely 

new scenario where the study is not applicable.

• The experiment was conducted in an arts subject, where submissions

are often essays, and feedback is on those essays. LLMs are very suit-

able for dealing with this style of assessment. Whilst they are not 

necessarily restricted to them (for example, coding exercises can be 

handled by LLMs Ma et al. (2024)), the use of AI in science and 

technology subjects requires a separate methodology and study.

6. Conclusion

We have shown that increasing student feedback by using AI 

technology for marking can help students improve their results. We 

have demonstrated this using a group of PP and SEN students. The aca-

demic performance of these students has shown a statistically significant 

improvement compared to that of the control group.

The difficulties facing educators and the future of AI in education 

include students’ reading abilities. An AI tool, when giving feedback, 

will potentially use challenging language or subject-specific language. 

Therefore, the next steps in our research will include using AI to support 

language and vocabulary development. This will be part of a model of 

support to help students and teachers use AI effectively.

In any case, the development of AI in education will not replace 

teachers in their role, but can be used by teachers to support individual 

and whole-class interventions based on AI feedback.

6.1. Future work

This research would benefit from a larger sample to test more ac-

curate significance and to look at varying differences of PP and SEN 

pupils across the UK. A randomized controlled trial would be part of this. 

Different subjects and age groups should also be included here. Finally, 

the assessment of qualitative aspects of student engagement and critical 

thinking is a future challenge.

Future work should also keep up with the constant changes in AI with 

regard to improvements and any private companies creating platforms to 

help pupils like in our sample. Finally workshops and basic training in AI 

to upskill staff to help them meet objectives which can be difficult with 

current workloads should become more common practice in schools. 

As part of this, the long-term impact on student learning and teacher 

workload can be observed.
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Appendix A. Prompts & settings

We use the settings in Table A.5 to use the LLM.

Table A.5 

ChatGPT settings for this study.

Model Temperature Prompt Supporting files

Turbo 3.5 0.3 Listing 1 Listings 2 and 3

During this research, the Turbo 3.5 model was used for cost effi-

ciency, as Turbo 4.0 was newly released with higher costs and fewer 

training and research studies on its accuracy.

Temperature was set to 0.3 to ensure consistent grading across trials, 

while allowing flexibility for essay subjects where broader content might 

be relevant. High temperatures cause inconsistent feedback and accu-

racy with excessive randomness, whereas low temperatures result in 

generic feedback that overlooks unique points or explanations that differ 

slightly from the mark scheme.

Listing 1 shows the prompt we used.

Listing 1: Prompt template.

A marking scheme and a level-based marking grid were incorporated 

in addition to the student’s script to improve the model’s marking accu-

racy and feedback by instructing the AI on mark distribution according 

to the depth. We report the content of an example of the embedded 

supporting files below.

Listing 2: A marking scheme example.

Listing 3: A marking grid example.
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