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Abstract: The integration of artificial intelligence (AI) into educational assessment 
offers promising advancements in automating the grading process, particularly in 
complex subjects like chemistry. This study focuses on implementing the Gemini 1.5 AI 
model to evaluate student responses in a web-based chemistry assessment. The study 
aimed to assess the effectiveness and accuracy of Gemini 1.5 in grading questions 
related to stoichiometry, a fundamental concept in chemistry. The assessment involved 
320 students who answered five questions—one conceptual and four 
computational—focused on calculating molar quantities and applying related formulas. 
The AI system was utilised to evaluate the responses, providing scores based on 
criteria such as the correct application of formulas, calculation accuracy, and the proper 
use of scientific units. The study’s findings indicate that Gemini 1.5 demonstrated high 
accuracy, with precision and recall metrics consistently ranging from 0.87 to 0.93 
across the different questions. These results suggest that the AI system effectively 
delivered consistent and objective grading, minimising errors such as false positives 
and negatives. The AI’s ability to provide immediate and detailed feedback highlights 
its potential to enhance learning by reinforcing key concepts and addressing areas 
where students may struggle. The conclusion drawn from this study is that integrating 
Gemini 1.5 into the educational assessment process improves grading efficiency and 
supports personalised learning by offering tailored feedback. This integration has 
significant implications for reducing the workload on educators while ensuring fair and 
accurate assessments, ultimately contributing to a more effective educational 
experience for students. 
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1. Introduction 
 
Assessment is crucial in chemistry education, particularly for complex topics like colligative 
properties. However, traditional assessment methods often struggle with subjectivity, time 
consumption, and inconsistencies, which can negatively impact the quality and fairness of 
grading. Integrating generative AI for automatic scoring can enhance this process by providing 
more precise and consistent evaluation(Analita, 2023). Research indicates that AI-driven 
scoring systems reduce the manual workload, improve consistency, and deliver immediate 
feedback, essential for student learning (Fu et al., 2020; Horbach & Zesch, 2019). Additionally, 
AI-enabled scoring supports continuous learning by promptly addressing students’ needs. It 
offers significant time and cost savings in developing scoring algorithms, making these tools 
more accessible in educational settings(Xuansheng et al., 2023). The increasing use of 
Automated Essay Scoring (AES) tools, driven by AI advancements, further highlights the 
potential of these technologies to streamline and enhance the assessment of complex 
chemistry concepts (Hahn et al., 2021; Zhai, 2021). 

Manual grading in chemistry education often presents challenges such as 
subjectivity, leading to inconsistencies and potentially unfair evaluations, as different graders 
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may interpret student responses differently (Huang, 2024). Manual grading is 
time-consuming, burdens educators, and delays feedback crucial for student learning and 
progress (Zhai et al., 2022). These delays can hinder students’ comprehension of intricate 
concepts like colligative properties. This topic integrates multiple foundational chemistry 
principles, making it ideal for evaluating the effectiveness of AI-driven assessments. This 
delay can hinder students’ understanding of complex concepts and is exacerbated by the risk 
of errors in repetitive data entry and calculations, further affecting the accuracy of grades  (Yin 
et al., 2022). Intelligent grading methods based on machine learning algorithms have been 
proposed to address these issues, offering solutions to enhance grading efficiency and 
reliability by minimising subjectivity and providing timely feedback(Hiremath, 2024). 
Automated grading streamlines assessment processes and improves the overall learning 
experience by ensuring fair and consistent evaluations, particularly for challenging topics like 
colligative properties in chemistry. 

Generative AI offers a promising solution for automating the assessment process in 
education by improving efficiency, consistency, and accuracy in grading student performance 
(Harry, 2023). By utilising AI algorithms, educators can streamline grading, provide timely and 
personalised feedback, and ensure objective evaluations, thus overcoming the subjectivity 
and time-intensive nature of manual grading (Huang, 2024). Specifically, using AI to grade 
complex chemistry topics like colligative properties can transform traditional educational 
practices by reducing grading errors and offering real-time insights into student performance, 
helping bridge the gap between teaching and learning outcomes. AI-enabled systems also 
enhance the learning experience by offering individualised learning strategies and saving 
educators’ time, allowing them to focus on more personalised instruction (Hiremath, 2024; 
Palmer, 2023). Integrating AI in assessment aligns with current technological advancements 
in education, as tools like automated grading systems are increasingly used to deliver 
consistent and reliable evaluations, ultimately enhancing educational outcomes (Irham et al., 
2017; Popenici & Kerr, 2017).  

This study uniquely addresses a critical gap in the literature by focusing on the 
application of generative AI, specifically in chemistry education. Automated grading has been 
less explored in this field, particularly for complex, concept-heavy topics like colligative 
properties. By demonstrating how the Gemini 1.5 AI model can provide accurate, real-time 
evaluations and constructive feedback, this study highlights the transformative potential of AI 
in enhancing both teaching efficiency and student learning experiences. Unlike previous 
research that broadly addresses AI in education, this study specifically tackles the practical 
challenges of manual gradings—such as subjectivity and time inefficiency—by demonstrating 
how AI can enhance traditional educational practices, offering a transformative approach to 
chemistry pedagogy. 
 
 

2. Method  
 
2.1 System Design 
 
The methodology begins by integrating the Gemini 1.5 generative AI model into a web-based 
platform for seamless student interaction. This platform allows students to log in and submit 
their answers to chemistry questions directly online. These questions focus specifically on 
colligative properties, a complex area in chemistry that requires a deep understanding of 
various underlying principles. The platform was developed with a user-friendly interface to 
ensure students can easily navigate the system and submit their responses without technical 
difficulties. Once a student submits a response, the system captures and processes the input 
immediately, ensuring that the transition from submission to evaluation is efficient and secure. 

The processing of these inputs involves several stages. First, the submitted text is 
analyzed for relevance to the question, checking for critical concepts and accurate scientific 
reasoning. The Gemini 1.5 AI model, trained on a vast dataset of chemistry-related texts, is 
then used to evaluate the depth of conceptual understanding demonstrated in the response. 
The AI model applies advanced natural language processing (NLP) techniques to assess the 



student’s answer’s logical coherence, accuracy, and completeness. The model uses machine 
learning algorithms optimized for chemistry content, enhancing its ability to recognize 
context-specific terms and concepts. Based on this analysis, the system generates a score 
reflecting the student’s grasp of colligative properties (see Table 1) and constructive feedback 
to guide further learning. This entire process is automated, enabling immediate scoring and 
feedback, which is crucial for reinforcing learning and providing timely student support. 

 
Table1.  Instruments on Automated Assessment Application 
No Question Concept Tested Expected Response 

1 What is meant by the freezing point of a solution? Conceptual Understanding of 
Freezing Point 

Definition of freezing 
point in solutions. 

2. 
a 

What is the freezing point depression of the ice cream 
solution made by the chef if he mixes 250 grams of 
sugar (Molar mass of sugar = 342 g/mol) into 500 
grams of water? 

Freezing Point Depression 
Calculation 

Calculation of freezing 
point depression. 

2. 
b 

Calculate the molality of the solution. Molality Calculation Correct calculation of 
molality. 

2. 
c 

Determine the freezing point of the ice cream solution. Freezing Point Determination Calculation of the 
freezing point. 

2.d Discuss how the presence of sugar affects the freezing 
point of the solution compared to pure water. 

Conceptual Understanding of 
Colligative Properties 

Explanation of the 
effect of sugar on 
freezing point. 

 
2.2 Data Collection 
 
The data collection process involved gathering responses from 320 students who participated 
in an assessment focused on colligative properties, a key topic in chemistry. The students 
were presented with five questions to evaluate their understanding from multiple perspectives. 
The selection of participants aimed to ensure a diverse representation of skill levels, 
enhancing the generalizability of the results. The first question was conceptual, requiring 
students to explain fundamental principles related to colligative properties, such as the 
definition and significance of freezing point depression in solutions—this question aimed to 
assess their theoretical understanding and ability to articulate complex scientific concepts 
clearly. 

The remaining four questions were computational, each addressing different aspects 
of colligative properties, such as calculating freezing point depression, determining molality, 
and applying relevant formulas to solve solute and solvent interaction problems. These 
questions evaluated students’ ability to apply theoretical knowledge to practical scenarios, 
testing their problem-solving skills and understanding of the mathematical relationships 
underlying colligative properties. As a result, the dataset comprised a diverse range of 
responses, providing a comprehensive view of each student’s conceptual understanding and 
computational proficiency in this area of chemistry. 

 
2.3 Assessment Procedure 
 
The assessment begins once a student submits their response on the web-based platform. 
Each response is immediately processed by the Gemini 1.5 generative AI model, specifically 
trained on chemistry-related content to evaluate the student’s understanding of colligative 
properties. The AI model first analyses the response for critical concepts, logical coherence, 
and the accuracy of scientific reasoning. For computational questions, it also checks the 
correctness of the calculations and the application of relevant formulas. To ensure fairness, 
the AI model incorporates multiple levels of validation, including cross-referencing answers 
with an extensive database of correct responses. The AI then generates a score based on 
predefined criteria—such as the completeness and depth of the response and the accuracy of 
computations. 

These were compared with manual scores provided by expert chemistry educators to 
ensure the reliability and validity of the AI-generated scores. These educators independently 
graded a representative sample of student responses using the same criteria as the AI model. 
The manual scores were then compared to the AI-generated scores to assess the consistency 



and accuracy of the AI’s performance. This comparison involved calculating metrics like 
precision, recall, and Cohen’s Kappa to quantify the level of agreement between the AI and 
human evaluators. A rigorous statistical analysis confirmed that the AI’s scoring was accurate 
and replicable across different test conditions, enhancing confidence in the AI’s reliability. The 
close alignment of scores confirmed the AI model’s ability to accurately and consistently 
assess student understanding, validating its effectiveness as a reliable tool for automated 
assessment in chemistry learning. 

. 
2.4 Evaluation Metrics 

 
To evaluate the AI-driven assessment system’s accuracy and reliability, key metrics like 
Precision, Recall, F1-Score, Confusion Matrix, and Cohen’s Kappa were used. Precision 
measures how well the AI correctly identifies positive results, while Recall assesses its ability 
to capture all actual positives, both crucial for student assessments. The F1-Score balances 
precision and recall, ensuring a comprehensive performance view. The Confusion Matrix 
breaks down true and false results, highlighting areas for improvement, and Cohen’s Kappa 
compares AI scores with human grading to assess agreement. Together, these metrics 
ensure the AI aligns closely with human grading standards, making it a reliable tool for 
automated assessments in chemistry education. 
 
 

3. Result 
 
3.1 Performance Metrics 

 
The performance metrics for the AI model, as summarised in the provided data in Table 2, 
indicate a strong overall performance in assessing student responses to questions on 
colligative properties. The metrics include Precision, Recall, F1-Score, and Cohen’s Kappa for 
each of the five questions (1, 2. A, 2. B, 2. C, 2.d), providing a comprehensive view of how well 
the AI system is functioning across different types of questions. 

For Question 1, which focuses on conceptual understanding, the AI achieved a 
Precision of 0.87, a Recall of 0.89, and an F1-Score of 0.88. These figures reflect the model’s 
high accuracy in identifying correct responses and its ability to capture nearly all correct 
answers. Cohen’s Kappa value of 0.85 further indicates a strong agreement between the 
AI-generated scores and those of human educators, underscoring the model’s reliability in 
evaluating more abstract, conceptual questions. This suggests that, despite slight variability, 
the AI is proficient at understanding and interpreting student responses that require critical 
thinking and explanation, highlighting its potential to handle complex educational 
assessments effectively. 
 
Table 2.  Performance Metrics Automatic Scoring Application 

Question Precision Recall F1-Score Cohen's Kappa 

1 0.87 0.89 0.88 0.85 

2. a 0.92 0.93 0.92 0.88 

2. b 0.90 0.92 0.91 0.89 

2. c 0.92 0.92 0.92 0.88 

2.d 0.92 0.90 0.91 0.89 

 
The AI model performs even more in the computational questions (2. a to 2.d). For 

example, in Question 2. a, the AI achieved a Precision of 0.92, a Recall of 0.93, and an 
F1-Score of 0.92, with a Cohen's Kappa of 0.88. The consistently high scores across these 
questions demonstrate the AI’s exceptional capability in evaluating structured, formula-based 
problems, confirming its effectiveness in accurately assessing areas where criteria for correct 
answers are well-defined. Similar high metrics are observed across the other computational 
questions, with Precision and Recall consistently around 0.90 to 0.92 and Cohen's Kappa 
values close to 0.89. 



 These results highlight the AI's exceptional capability in accurately evaluating 
structured, formula-based problems, where the criteria for correct answers are clearly defined. 
The high F1 scores indicate a balanced performance in capturing correct answers and 
minimising false positives. At the same time, the strong Cohen’s Kappa values reflect a high 
level of agreement with human grading, confirming the AI's effectiveness in delivering 
consistent and reliable assessments. Such metrics underscore the model's reliability, not just 
as an automated tool but as a robust system capable of replicating expert-level grading across 
varied question types. 

The data suggest that the AI model is particularly well-suited for computational 
assessments, where its precision and recall are nearly optimal, and it can reliably replicate the 
judgment of human educators. However, the slightly lower metrics in the conceptual question 
point to areas where refinement is needed, particularly in enhancing the AI's capacity to 
understand more nuanced, open-ended responses. Improving these capabilities could make 
the AI an even more valuable tool for comprehensive educational assessment, ensuring it can 
handle conceptual and computational tasks equally proficiently. 

 
3.2 Confusion Matrices 

 
The confusion matrices in Figure 1 offer a detailed analysis of the Gemini 1.5 AI model’s 
performance in evaluating student responses to five questions on colligative properties. The 
AI’s effectiveness is assessed through true positives, false positives, and false negatives, 
providing a clear picture of its accuracy and reliability. For Question 1, which focuses on 
conceptual understanding, the AI correctly identified 131 true positives and 154 true negatives 
but also made 19 false positives and 16 false negatives. These results indicate that while the 
AI performs well overall, it encounters challenges with more abstract, less structured 
responses, common in conceptual questions. 

 

  

 
 

Figure 1. Confusion Matric Automatic Scoring Application 
 

In contrast, the AI model performs significantly more on the computational questions 
(2. a to 2.d). For instance, in Question 2. a, the AI achieved 137 true positives and 160 true 
negatives, with only 12 false positives and 11 false negatives. Similar patterns are observed 
across the other computational questions, where the AI consistently delivers high true positive 
and true negative rates with minimal errors. This indicates the AI's proficiency in handling 



clear, rule-based assessments, validating its utility in grading formula-driven questions 
accurately and efficiently. 

The key takeaway from these results is that the Gemini 1.5 AI model is particularly 
effective for automating the grading of computational tasks in chemistry education. Its ability to 
deliver precise and reliable assessments in these areas makes it a valuable tool for educators. 
It allows them to offload the time-consuming task of grading calculations and instead focus on 
more complex instructional activities. However, the slightly higher error rates in the conceptual 
question highlight an area for improvement, specifically in developing the AI’s capacity for 
nuanced interpretation and flexible assessment strategies beyond formulaic correctness. 
Enhancing the AI’s ability to understand and evaluate more abstract, open-ended responses 
would further increase its utility, ensuring it can handle both computational and conceptual 
assessments with equal proficiency. Such balanced capabilities would extend the AI’s 
functionality and solidify its role as a comprehensive support system in educational settings, 
capable of addressing various assessment needs. 
 
 

4. Discussion  
 

4.1.  Evaluation of System Performance 
 
Generative AI has emerged as a transformative solution for automating the assessment 
process in education, particularly in scoring student responses with impressive precision and 
recall metrics. For instance, systems like Gemini 1.5 have demonstrated precision ranging 
from 0.87 to 0.92 and recall from 0.89 to 0.93 across various question types (Zhai et al., n.d.; 
Zheng et al., 2020). These consistent metrics across conceptual and computational questions 
highlight the AI's robust capability to handle diverse assessment types effectively. The high 
precision rates indicate that the AI rarely misidentifies incorrect answers as correct. In 
contrast, high recall values demonstrate thoroughness in capturing all correct responses, 
ensuring a comprehensive evaluation of student performance(Korkmaz & Correia, 2019). 

The ability of AI models like Gemini 1.5 to deliver accurate and consistent scoring is 
particularly valuable in educational settings where large volumes of student assessments 
must be processed quickly and fairly. Unlike human graders, whose performance can be 
influenced by fatigue, bias, or inconsistency, the AI maintains a uniform standard of 
evaluation, which is crucial for maintaining academic integrity and fairness. By integrating 
generative AI models such as Gemini 1.5, educators can significantly enhance the grading 
process's efficiency, reliability, and consistency, providing timely feedback that enriches the 
learning experience. Immediate feedback enables students to quickly understand their 
mistakes and make corrections, which is particularly beneficial in iterative learning 
environments where continuous improvement is emphasised. This integration represents a 
significant advancement in assessment methodologies, enabling more personalised learning 
experiences and precise evaluations tailored to a wide range of question types (Bewersdorff et 
al., 2023). 

Additionally, AI’s integration into the grading process allows for more detailed 
analytics on student performance at individual and class levels. This data can help educators 
identify common areas of difficulty, inform targeted instructional strategies, and enable more 
effective interventions. For example, suppose AI data shows many students struggle with a 
specific problem. In that case, educators can adjust their teaching approach or provide 
additional resources to address these gaps(Klauschen et al., 2018; Ofer et al., 2021). These 
findings align with broader research on AI's role in education, which shows that AI-driven 
platforms like Gemini 1.5 can significantly improve student engagement and learning 
outcomes by adapting to individual learning styles and providing real-time feedback 
(Maestrales et al., 2021). The strong positive correlations between attitudes toward AI and its 
perceived impact on education further validate the potential of systems like Gemini 1.5 to 
revolutionise educational practices.  

By automating routine grading tasks, AI allows educators to shift their focus from 
administrative duties to more impactful teaching activities, such as one-on-one tutoring, 



developing interactive lessons, or engaging in professional development. This shift enhances 
teaching quality and promotes a more dynamic and engaging learning environment for 
students. By automating routine grading tasks and offering precise evaluations, Gemini 1.5 
not only alleviates the workload on educators but also ensures that students receive the timely 
and accurate feedback necessary for their academic growth(Swindell, 2024). However, while 
AI’s integration into education offers numerous benefits, it also presents challenges that must 
be addressed to maximise its positive impact. 

One critical aspect is the ethical implications of AI use in education, such as concerns 
about data privacy, the potential for algorithmic bias, and the need for transparency in AI 
decision-making processes. There is a risk that AI models trained on biased data could 
perpetuate or even amplify existing disparities, particularly for underrepresented or 
marginalised student groups. Therefore, AI systems like Gemini 1.5 must be continuously 
monitored, updated, and trained on diverse datasets to ensure fairness and accuracy across 
all student demographics. As AI systems like Gemini 1.5 continue to be integrated into 
educational settings, it is crucial to consider the ethical implications and ensure these 
technologies are implemented to maximise their benefits while mitigating potential risks  
(Rane, 2024). Educators and administrators must be adequately trained to understand AI’s 
capabilities and limitations so that they can use these tools effectively and responsibly in the 
classroom. 
 
4.2 AI Performance in Grading Chemistry Problems 
 
In analysing student responses to chemistry problems, the AI system exhibited a strong ability 
to evaluate each response's correctness and completeness accurately. The AI’s structured 
grading approach, which includes evaluating key aspects such as correct formula application, 
computational accuracy, and proper scientific unit usage, ensures a comprehensive 
assessment aligned with academic standards. This systematic approach minimises the 
likelihood of grading inconsistencies that can occur with human evaluators, particularly in 
repetitive or large-scale assessments(Artrith et al., 2021; Kolachalama, 2018). Based on 
Figure 2, when tasked with grading a student's solution to a stoichiometric problem involving 
the calculation of the moles of sugar in a solution, the AI systematically assessed the response 
based on key criteria: correct application of the formula, accurate calculation, and proper use 
of scientific units. 

 
Figure 2. how the Automatic Scoring Application automatically analyses answers. 

 
Figure 2 visually represents the AI’s grading process, highlighting how it breaks down 

complex student responses into assessable components. This detailed evaluation method 
allows the AI to score the response accurately and provide constructive feedback on specific 
areas of improvement, which can be instrumental in enhancing student understanding. The 
figure displays a student's response to a chemistry problem that involves calculating the moles 
of sugar in a solution. The student correctly applied the formula "Mol gula = Massa gula ÷ Mr," 
calculating the molar mass of sugar (342 g/mol) and the mass of sugar (250 g) to determine 
that the number of moles is 0.7 mol. The AI system accurately evaluated this response, 
awarding a total score of 3 points. The points were assigned based on specific criteria: 1 point 
for correctly stating the formula, 1 point for performing the calculation accurately, and 1 point 
for including the proper scientific unit ("mol") in the final answer. 



This example demonstrates the AI's proficiency in applying a consistent grading rubric 
that identifies errors and reinforces correct methods and practices. By providing feedback on 
why certain steps were correct or incorrect, the AI supports a learning environment where 
students can actively engage with their mistakes and correct them, leading to deeper learning 
and retention of material(Ramadhani, 2023). The AI's analysis of the student's work 
demonstrates a thorough understanding of the required steps and the importance of correctly 
applying scientific principles and units. The accuracy and fairness of the AI's grading are 
evident from the detailed feedback, which aligns with the expected scoring guidelines (Lodge, 
2023; Rane, 2024). The detailed nature of the feedback is particularly valuable in subjects like 
chemistry, where understanding procedural nuances and the correct application of scientific 
methods are critical to mastering the subject(Pearl & Boone, 2013; Saltz et al., 2019). 

When related to the Gemini 1.5 AI model, the performance highlighted in the image 
showcases how generative AI, like Gemini 1.5, excels in evaluating student responses by 
systematically checking for key components such as formula application, calculation 
accuracy, and unit usage. The high precision and recall metrics observed in the Gemini 1.5 
model ensure that student responses are assessed with minimal errors, providing reliable and 
consistent grading. This reliability is especially important in STEM education, where the 
consequences of grading errors can significantly impact students’ understanding of 
fundamental concepts and their confidence in the subject matter. AI, like Gemini 1.5 in 
educational contexts, streamlines the grading process and enhances the quality of feedback, 
contributing to more personalised and effective learning experiences (Lodge, 2023; Zhai, 
2021). 

By incorporating AI-driven assessments, educational institutions can develop more 
adaptive and student-centred learning environments where feedback is immediate and highly 
relevant to individual student needs. This approach supports a cycle of continuous 
improvement, helping students build confidence in their abilities while providing educators with 
the insights needed to tailor their instructional strategies effectively. By leveraging AI’s 
strengths in these areas, educational institutions can offer more tailored and impactful learning 
environments, better-supporting student success in complex subjects like chemistry. 
 
 

5. Conclusion 
 
The integration of Gemini 1.5 AI in educational assessments demonstrates significant 
potential, particularly in STEM education, where traditional grading methods often fall short. 
The system provides reliable assessments by accurately evaluating student responses, 
applying relevant formulas, and ensuring the correct use of scientific units. Its ability to deliver 
immediate feedback enhances student learning by allowing them to quickly identify and 
address mistakes, promoting a deeper understanding of the material. Additionally, Gemini 1.5 
reduces the workload for educators while maintaining fair and uniform assessments. Although 
the system currently faces challenges in handling open-ended conceptual responses, further 
development could broaden its capabilities, making it an even more valuable tool for improving 
educational efficiency and supporting both educators and students in STEM contexts. 
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