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Traditional mobile learning is constrained by the need to update its content manu-

ally and frequently due to rigid structures. Conversely, integrating LLMs with mobile

learning applications is expected to provide a catalyst for both developers and teach-
ers on programming and technical perspectives for such applications by considering

automatic content generation, dynamic assessments, and reducing technical complexi-

ties. This study presents the feasibility and effectiveness of integrating LLMs, specifi-
cally ChatGPT, with mobile learning applications developed for chemistry courses. The

provided solution leverages LLM’s ability to provide content generation and real-time
responses related to queries about the periodic table, electron configuration, chemi-

cal equations and game-based assessment, ultimately enhancing the effectiveness and

engagement of mobile learning. An experimental evaluation was conducted to assess the
accuracy of ChatGPT’s responses within the mobile learning application for chemistry.

The results demonstrated that ChatGPT achieves an impressive 93.33% accuracy in

providing information about elements and their categories from the periodic table. How-
ever, the accuracy rates for the chemical equation balancing and electron configuration

tasks were relatively low, at 75.71% and 68.91%, respectively, indicating areas for fur-

ther optimization and refinement. This research highlights the technical implications of
LLM integration with mobile learning applications, including potential challenges and

opportunities for developers and educators in terms of API communications, prompt

engineering, and the quality and accuracy of AI-generated responses.

Keywords: Large language models; mobile learning; ChatGPT; prompt engineering;

accuracy.

1. Introduction

Advances in mobile technology have increased its availability, and the lower cost

of mobile application development and hardware diminishes many of the obsta-

cles associated with the adoption of mobile learning applications. In addition to

improvements in mobile technology, the need to integrate mobile technology with
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education has become important and necessary for schools and higher educational

institutions due to varying levels of lockdown in some countries worldwide for

health, political, etc., issues and disasters. In recent years, the number of users

accessing the internet via mobile devices — whether at home, at school, or in the

workplace — has significantly increased compared with that in previous decades,

largely due to the widespread availability of smartphones and mobile networks.1

These factors make mobile learning applications interesting solutions for supporting

digital transformation in education and have led many researchers to view them as

an important proposition for remote learning.2–4 Different studies have shown that

mobile learning offers improvements over traditional textbooks, enhancing students’

comprehension, retention and knowledge level.5

Among the recent advances in mobile learning, the utilization of AI to support

mobile learning attracted the interest of researchers,6 who have started to pro-

pose different solutions for smart educational learning.7 The significance of using

AI in technology-enhanced learning environments has been recognized for nearly

half a century, as evidenced by conversation theory.8 For example, the integration

of AI with mobile learning has been investigated previously in different research

contexts. In Ref. 9, researchers proposed an AI adaptive user interface for mobile

learning applications called the Mobile Academy, which predicts cultural aspects

and language preferences to offer a culturally adapted user interface. Furthermore,

intelligent mobile applications have been proposed to assist visually impaired people

during their daily consumption.10 Recent studies such as Ref. 1 presented a review

study that classifies automated feedback systems on the basis of features such as

architecture (domain, expert knowledge, student feedback, student data, feedback

generation model, and implementation), educational context (domain, level, and

settings), and feedback type (adaptiveness, timing, learner control, and purpose).

Recently, the availability of large language models (LLMs) has accelerated

adoption in mobile learning contexts since LLMs have the ability to perform com-

prehensive analyses of different queries and provide intelligent answers to support

interactivity, create learning content, and support personalized learning experi-

ences.11,12 They also assist in enhancing automatic feedback and facilitating real-

time assistance. Examples of LLMs include the Chat Generative Pretrained Trans-

former (ChatGPT), which was developed by OpenAI and released for public use in

November 2022; Gemini, which was developed by Google and released for public

use in February 2024; and Copilot, which was developed by Microsoft and released

for public use in March 2023.

In previous years, various investigations have explored the advantages of using

LLMs in general educational contexts.13,14 Some studies have utilized LLMs’ abil-

ity to handle natural question-and-answer exchanges with users.15,16 However, the

application of LLMs in the field of chemistry still needs more investigation. Some

studies, such as Ref. 17, have shown web-based learning for the chemistry domain

integrated with ChatGPT, which focused on evaluating AI-generated responses to

chemistry assessment questions. Similarly, Clark18 reported different abilities to
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address questions in two formats (closed-response format and open-response for-

mat) related to questions from final exams from two general chemistry courses.

Previous studies concluded that LLMs as chatbots are ill-equipped to provide reli-

able answers, especially for application- and interpretation-based questions, as well

as questions involving nontextual information.

Conversely, a study19 revealed that GPT-4 has interesting prediction results,

reaching 70%, concerning eight chemistry tasks: name prediction, molecular prop-

erty prediction, yield prediction, reaction prediction, reagent selection, retrosyn-

thesis, text-based molecule design, and molecule captioning. A study presented in

Ref. 20 showed that ChatGPT reached 60% accuracy in finding the molecular point

groups of the molecules, and it reached 69% accuracy in finding the octanol−water

partition coefficients of essential oil components. In general, the previous studies

were performed via web-based applications, and zero-shot techniques were not used

to obtain answers from LLMs. Additionally, the language used was solely English.

To improve the accuracy of LLMs, Ref. 21 proposed an LLM-powered chemistry

engine called ChemCrow, an agent designed to assist users in synthesizing target

molecules and identifying structurally or functionally similar molecules. Although

the obtained accuracy results were better than those of GPT-4 in factors such as

chemical accuracy, quality of reasoning, and task completion, ChemCrow fails to

provide relevant conclusions for a number of chemistry tasks.

However, to our knowledge, no previous studies have investigated the use of

ChatGPT for chemistry courses in the Arabic language. Most of the previous stud-

ies17–19,21,22 investigated the use of ChatGPT as a chatbot application so that it can

answer a sequence of questions via web-based applications or tend to focus on spe-

cific case studies. Furthermore, several previous studies have investigated the use of

LLMs in languages other than English. For example, the work presented in Ref. 23

proposed a solution for undergraduate students who are not fluent in English to

complete a formative assessment in their preferred language, such as German, in a

chemistry course. Another study24 reported the use of ChatGPT, not particularly

for chemistry, in higher education for Latin American universities. Another study25

proposed ChemLLM as the first LLM dedicated to chemistry in the Chinese lan-

guage. Therefore, this study is among the first attempts to examine the integration

of ChatGPT in mobile learning for chemistry courses for Arabic-speaking users.

This study explores GPT-4 capabilities within the field of chemistry, which has the

potential to expedite research and development activities.

The main goal of this research work is to investigate the efficacy of using Chat-

GPT in the mobile learning context in the Arabic language. It shows the technolog-

ical improvements driving innovation in this domain, as the paper explores different

technical perspectives and insights for developers, researchers and policy makers

involved in the development and implementation of future mobile learning appli-

cations. This study seeks to provide a number of technical requirements related

to the use of an LLM (GPT-4) to adapt and provide dynamic feedback on user
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interaction during the use of mobile learning applications. This work emphasizes

enhancing different modules of the previously developed AIChemApp via GPT-4 by

improving interactivity, personalizing learning experiences, and providing real-time

support while learning chemistry topics.

2. Materials and Methods

Different obstacles are encountered in traditional mobile learning applications, such

as providing static content fixed at the time of application development. Addition-

ally, many of the previous applications are implemented as ad hoc solutions, making

timely updates difficult for developers. Furthermore, this research builds on findings

from our earlier studies,26,27 which emphasized the need to explore more chemi-

cal equations and a broader range of exercises. Even the integration of LLMs into

mobile learning applications offers a promising approach to overcoming previous

limitations by enhancing the efficiency and quality of learning support. Advance-

ments in this field are still challenging, and research gaps persist. For example, as

highlighted in previous studies,18,28 LLM-generated responses often contain inaccu-

racies and raise concerns about their reliability. Moreover, there have been limited

efforts to integrate LLMs into mobile learning applications, highlighting the need

for further exploration of technical development requirements in this area.

Motivated by previous findings and insights from prior research, this study

investigates the role of LLMs in enhancing mobile learning applications, focusing

on their ability to enrich resources and content and ensure seamless integration.

Furthermore, this study focuses on the challenges of integrating advanced machine

learning models, specifically LLMs such as GPT-4, into mobile learning applications

for dynamic content generation.

In particular, this research explores the possibility of integrating ChatGPT as

an LLM to allow users to explore diverse chemical equations, interactive exer-

cises, and games. As a proof of concept, an updated version of ChemApp,26 called

AIChemApp, was developed to validate the proposed solution. This updated version

introduces significant advancements, including the consolidation of two previous

dynamic modules—Chemical Equations and Chemical Lab — into a single Interac-

tive Chemical Lab module. This consolidation optimizes computational efficiency,

eliminates code redundancy, and streamlines the integration of application pro-

gramming interface (API)-driven LLM functionalities.

Additionally, AIChemApp leverages LLM in the four modules embedded in the

application to provide AI-driven content and feedback. As reported in Ref. 19,

GPT-4 outperformed other LLMs, as it had competitive results in responding to

a number of chemistry tasks using zero-shot or few-shot LLMs in the chemistry

domain. Therefore, GPT-4 is adopted to support AIChemApp with different intel-

ligent feedback tailored to specific goals for each module in AIChemApp via the

zero-shot technique. Following the categorized evaluation methods in Refs. 1 and 29,

this research adopted the accuracy of GPT-4’s results on the basis of expert

evaluation.
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Fig. 1. Main interface of AIChemApp.

AIChemApp included materials and exercises related to lessons from chemistry

course textbooks for the eighth-grade level in elementary schools in Palestine, as

described in our previous research.26,27 More technical details and requirements for

the use of GPT-4 with AIChemApp are explained in the following subsections.

2.1. ChatGPT integration with AIChemApp

AIChemApp provides two types of content: static modules and interactive modules

(see Fig. 1). The static module is used to provide users with educational videos

generated via whiteboard animation to explain different lessons from the textbook.

On the other hand, the dynamic modules are interactive periodic tables, interactive

chemical laboratories, electron configurations, and molecular games. The interactive

modules leverage LLM to provide users with AI-generated feedback aligned with

each module’s purpose.

Starting with the lessons, which are available in the upper part (specified for the

static module), the main goal of the lessons is to explain the same content found in

the textbook’s lessons using the whiteboard animation technique. Both snapshots

in Fig. 2 show two video files for separate lessons related to chemical equations.

The videos primarily contain text explanations and images for each lesson. The

application allows seamless integration, updating, and removal of lessons through

a content provider object in the Android framework. This object organizes lesson

video links in a structured key-value format and XML files, enabling efficient content

management.

As mentioned earlier, to integrate AIChemApp with an LLM such as GPT-4,

the use of an API facilitates communication between the different modules and

the LLM. This integration ensures seamless interaction, enabling AIChemApp to

harness the LLM’s ability to generate contextually relevant responses tailored to
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(a) (b)

Fig. 2. Whiteboard animation videos created for different lessons.

module-specific queries. The API serves as the bridge, allowing AIChemApp to

send structured requests containing details about the modules and the required

information from LLMs. Once the LLM processes the requests (queries), it generates

responses that are returned to the module via the API connection session, fetching

the answers (responses) from the LLM and extracting the required details to be

displayed in the GUI.

For AIChemApp, each module has distinct goals, varying levels of detail, and

unique GUI styles. Consequently, structured JavaScript Object Notation (JSON)

files tailored to each module are generated to maintain consistency. These JSON

outputs ensure that module-specific requirements, such as data granularity and

GUI integration, are met effectively. Additionally, all queries are stored as key-value

pairs in a content provider object within the Android framework. This approach

simplifies future updates and facilitates the development of upgraded application

versions. To support Arabic-speaking users, queries are stored in Arabic to ensure

linguistic accessibility and ease of use. By presenting explanations in Arabic and

maintaining technical labels in English in JSON files, AIChemApp effectively caters

to its target audience, offering a bilingual educational experience.

Following the proposed prompt patterns for conversational LLMs,30–33 this

study adopts the template pattern for prompt engineering. This approach structures

the prompts to guide the LLM’s behavior and specify the format of its output.

For example, the research presented in Refs. 19, 20, and 33 explored the use of

prompt engineering for LLMs to obtain AI-generated feedback for chemistry topics

and tasks. According to Ref. 34 the first directive statement in the prompt should

define a specific context, desired response type, and output format. The proposed

prompt template used in this study transforms GPT-4 responses into a structure

that is consistent with the formatting needs of the AIChemApp modules and its

graphical user interface. This approach is needed when the target format is not

known to the LLM. This ensures that the LLM-generated content adheres to the

formatting requirements and objectives of different AIChemApp modules and their

graphical user interfaces (GUIs).
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From a prompt engineering perspective, AIChemApp’s modules send requests

(queries) to GPT-4 via a contextual statement. This statement includes three key

components: context, question, and output format. The context key specifies the

module’s name and purpose. The question key represents the query that will be

sent to GPT-4 from each module. Finally, output format defines the elements to be

included in the retrieved JSON file, ensuring compatibility with AIChemApp’s GUI

and functional requirements. The replaceable fields in the statement’s structure,

indicated through italicized and underlined text, allow for dynamic customization.

This customization is implemented via a dedicated Java method, enabling user-

specific interactions and tailoring outputs to the goals of each module. More details

about the adopted prompt template are explained in the following subsections.

This study defines an algorithm to leverage API connectivity, JSON parsing,

and user interface integration to achieve seamless interaction between AIChemApp

modules and GPT-4. The design ensures robust data exchange and processing,

facilitating contextually relevant responses generated by the LLM. By incorporating

a computational approach that prioritizes efficiency and modularity, the algorithm

focuses on meeting the application’s technical and functional requirements while

maintaining the reliability of dynamic data handling. Finally, the algorithm extracts

the anticipated details for each module from the LLM’s responses to provide users

with the necessary information. The following pseudocode presents the proposed

sequence of actions required to integrate LLM into AIChemApp.

Pseudo code for integrating ChatGPT with ChemApp’s modules:
#Start
Retrieve query components depending on the selected task of the module
JSONObject = Append components to the module’s JSON file
Connection = establish connection with GPT-4 using API key
If(connection)
JSONResponse = send JSONObject to GPT using established connection
var = Parse(JSONResponse) // to extract retrieved data from GPT-4 depending

on the module requirements
displayInfo on Module UI // to display received information on ChemApp UI

else
Display Error Message
#End

The following subsections present the adopted approach for integrating GPT-4

with each module in AIChemApp. Each subsection presents a description of the

module and its GUI, primary objective and purpose of the module, specified prompt

template, and a sample of obtained results from GPT-4.

2.1.1. Interactive periodic table module

The interactive periodic table module mainly presents the element names and

symbols, atomic masses, atomic numbers, and both groups and categories (see

2550015-7
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Table 1. Prompt template for the interactive periodic table module.

Fig. 3(a)). While a group presents a vertical column of elements that have sim-

ilar chemical properties, a category is a classification of elements on the basis of

their properties (e.g., metals, nonmetals, and metalloids). By selecting an element

from the periodic table, the user will be directed to a new screen that displays the

property of the element in a symbolic way, as shown in Figs. 3(b) and 3(c).

The primary objective of integrating GPT-4 with the periodic table module is

to provide AI-generated textual explanations for a selected chemical element or

its category. Therefore, upon selecting an element from the module’s GUI, an AI-

generated textual explanation is seamlessly presented in the interface (see Fig. 4)

via a customized prompt template.

To meet the requirements of the interactive periodic table module, a customized

contextual prompt template is sent to GPT-4. This template leverages the context

key to specify the module’s name and purpose, providing necessary background

information. The key, which is dynamically generated based on user input (e.g.,

selecting an icon from the periodic table), targets specific elements or groups, such

as alkali metals, to tailor the query. The output format key organizes the response

into a JSON structure containing details such as the group or element name, fea-

tures, uses, warnings, and related elements. The structure of the JSON file adapts

depending on the selected icon. Table 1 lists the customized prompt template used

as the input message for GPT-4. The English translations of the Arabic content in

the following tables and figures are provided in Appendix C for clarity.

To ensure that GPT-4 generates structured and relevant responses, the query

includes the category name and specifies key details, such as a list of chemical

elements, primary characteristics, industrial or practical applications, and safety-

related warnings. Figure 5 presents an example of a JSON file generated by GPT-4

on the basis of this query, providing detailed information about the metal groups

(e.g., alkaline metals) displayed in the periodic table.

2.1.2. Interactive chemical lab module

For the interactive chemical lab module, the interface features a series of test tubes

representing chemical elements, each labeled with its name from the periodic table.

2550015-8
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(a)

(b)

(c)

Fig. 3. Periodic table and details about Ca or K elements selected from the periodic table.

2550015-9



September 9, 2025 14:27 IJAIT S0218213025500150 page 10

A. Ewais

Fig. 4. Selecting a category and its corresponding elements are automatically highlighted and
AI-generated textual detail is displayed.

Fig. 5. Sample JSON file generated from a query sent to GPT-4, requesting information about
the metals group in Arabic.

The interface also includes numerical inputs for specifying the number of atoms

required to balance chemical equations. Users can drag and drop the test tubes for

each chemical element and adjust the number of atoms accordingly to formulate an

equation. Once the equation is constructed, the user has two options: “show result”

or “check equation” (see Fig. 6). The result button shows the correct balanced

equation retrieved from GPT-4. The “check equation” button provides AI feedback

on the equation entered by the user. Accordingly, the user will be notified whether

the answer is correct.

The primary objective of this module is to help users understand potential chem-

ical reactions between various chemical elements and provide corrective feedback on

formulated balanced equations. By doing so, users can learn the correct number of

atoms required for specific reactions and gain a clear understanding of the resulting

compounds.

The integration of GPT-4 into this module provides corrective feedback, directly

informing users about the correctness of their formulated chemical equations. Addi-

tionally, the integration enriches the learning process by delivering dynamic expla-
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(a)

(b)

Fig. 6. Formulating a balanced equation using different GUI components.

nations of why a specific reaction succeeded or failed, fostering a deeper under-

standing of chemical reaction principles. This functionality is implemented via a

contextual statement that is based on the adopted prompt template, which includes

details that are specific to the interactive chemical lab module. For example, the

context key defines the module’s name and primary objective, the question key

includes a predefined question including the formulated equation by the user, and

the output format key specifies the JSON structure, including attributes such as a

compound name, a Boolean value indicating the equation’s correctness, the correct

balanced equation, and additional details. A sample contextual statement to query

GPT-4 for the user-formulated equation (Ca +O2 − >CaO)? is shown in Table 2.

The module is able to process JSON files generated by GPT-4 to extract and

map relevant details to corresponding components in the GUI. Figure 7 presents

two sample JSON files created by GPT-4 in response to queries about specific

chemical equations, demonstrating the structured output and its alignment with

the module’s requirements.

2.1.3. Electron configuration module

The electron configuration module visually represents atoms of different chemical

elements, including their electrons distributed across energy levels or shells (see

Fig. 8). The graphical user interface (GUI) enables users to interact with visual

elements by dragging and dropping components, such as a chemical element and its
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Table 2. Prompt template for the interactive chemical lab module.

Table 3. Prompt template for the electron configuration module.

corresponding number of electrons, into their correct positions. Upon completing

the electron configuration for a chemical element, the user can click the ‘Show

Result’ button to receive a notification indicating whether the constructed electron

arrangement for the selected element is accurate, enhancing their understanding of

the atomic structure.

The primary objective of this module is to assist users in understanding how

electrons are distributed across energy levels (orbits) around an atom for a given

chemical element. To achieve this, the user is prompted to drag a selected chem-

ical element to the center of the orbit and then input the corresponding num-

ber of electrons in each orbit. By integrating GPT-4, the module compares the

user-entered electron configuration with the correct configuration retrieved from

GPT-4 in a structured JSON response. Additionally, the module provides feedback

explaining why certain configurations are stable or unstable, enhancing the user’s

understanding of atomic structures. This process is implemented by considering a

customized prompt template that queries GPT-4 to generate an accurate electron

configuration for a selected element (see Table 3).

The result obtained from GPT-4 includes comprehensive details about the name

of the element, symbol, atomic number, a Boolean value indicating whether the
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(a)

(b)

Fig. 7. Two JSON sample files include feedback about user-formulated equation in Arabic.

user’s input is correct, and the correct electron configuration. These details are

structured in JSON format as shown in Fig. 9 and visually represented in the

module’s interface.

2.1.4. Molecules game module

The game module incorporates a stage-based design where each stage consists of

multiple questions derived from exercises in the course textbook (see Fig. 10(a)).

The questions are based mainly on exercises that are available in each lesson of the

course textbook. Each question can be answered by selecting the different characters

that form the correct answer. For correct answers, a clapping sound will be played,

and award points will be stored in the user’s profile, unlocking the next stage. To

encourage accuracy, the game allows up to three attempts per question, after which

the correct answer is automatically displayed if all the attempts fail. The GUI is
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Fig. 8. Electron configuration module to allow the user to specify electrons in each orbit.

Fig. 9. Structure of JSON file for response from GPT-4 in electron configuration module.

split into two sections: one for displaying the questions and the other for presenting

answer options as characters, as shown in Fig. 10(b).

The primary goal of this module is to assess the user’s knowledge and under-

standing level of each topic covered in the lessons. To utilize GPT-4 with this

module, each game phase has its questions stored in objects instantiated from the

content provider class in the Android framework. Questions are extracted from a

content provider object, appended to the request, and sent to ChatGPT for con-

textual processing. Therefore, the customized contextual statement for this module

includes details about the module (context key), three questions (question key),

and JSON elements (output format) to structure the response appropriately for

integration with the game module, as shown in Table 4.

The extracted feedback from the generated JSON file is displayed inside the

corresponding GUI components. Figure 11 shows the JSON file contents produced

in response to the prior query sent to GPT-4, showcasing three questions along

with their correct answers and the letters available to construct the correct answers

for each question.

3. Evaluation

Aligned with previous evaluation frameworks for AI-driven mobile applica-

tions,29,35–37 this study adopted an evaluation methodology focusing on accu-

racy assessment based on expert evaluation. The evaluation aimed to validate the
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(a)

(b)

Fig. 10. Stage-based game including three questions in each stage.

Table 4. Prompt template for the molecule game module.

accuracy, relevance, and completeness of GPT-4 integration across AIChemApp’s

modules. The process involved structured task execution, expert analysis, and quan-

titative accuracy calculations. The evaluation process was divided into four steps

to ensure clarity and reproducibility as follows.

Step 1 (Dataset Preparation): Each of the four AIChemApp modules was

assigned a tailored dataset based on topics covered in the textbook and other sup-
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Fig. 11. JSON file for GPT-4 response in molecules game module.

plementary chemistry resources recommended by domain experts, ensuring com-

prehensive coverage of real-world application scenarios. For the interactive periodic

table module, thirty-five elements and 5 categories were selected for use in queries

designed to extract factual information from GPT-4, such as element properties,

group information, and classifications. Concerning the interactive chemical lab mod-

ule, seventy chemical equations were curated — extended beyond the textbook

examples per the evaluators’ recommendations — to assess GPT-4’s ability to ver-

ify, balance, and explain chemical reactions. Additionally, the electron configuration

module has seventy-four chemical elements, with their correct electron configura-

tions used as a dataset to examine the accuracy of GPT-4 in generating the cor-

rect electron distribution across energy levels. Finally, the Molecules Game Module

includes thirty open-ended questions derived from textbook exercises as a dataset

to evaluate the model’s capacity to generate relevant feedback in game-based assess-

ments. All the input queries were formatted via a plain text (i.e., without subscripts

or superscripts), which is consistent with the platform’s technical constraints and

ensures uniformity in the evaluation process.

Step 2 (Application Demonstration): The author used the tailored datasets for

the 4 modules to simulate real user interactions. For each module, the input dataset

was sent to GPT-4 via the application’s GUI and API, and the returned JSON-

structured responses were parsed and rendered in real time within the application’s

GUI. This step allowed for a complete assessment of the end-to-end system behav-

ior, from user input through AI processing to final display, providing insight into

both functionality and content quality. To manage the scale of testing, a randomly

sampled validation subset was adopted for each module, maintaining a representa-

tive sample while reducing the overhead of repeated API requests.

Step 3 (Expert Review): A panel of five PhD-level Arabic-speaking chemistry

experts reviewed GPT-4 responses across all the modules. The experts were pro-

vided with a document that included screenshots of the results obtained from the

application. The screenshots, similar to Figs. 3, 4, 6, 8, and 10, were all collected

inside the shared document, and an explanation of each performed interaction was

added to the screenshot to clarify the context of the interaction. The experts were

informed that their focus should be on content accuracy, relevance, and quality,

independent of GPT-4’s AI nature, usability or technical perspectives. Additionally,
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reference materials (e.g., electron distribution charts, balanced equation keys, and

textbook excerpts) were provided to the experts to ensure consistency. To mitigate

possible bias, they were explicitly told that the results were generated within a

mobile learning application. This clarification ensured that their assessments were

based solely on content quality and accuracy rather than preconceived notions about

AI tools.

Accordingly, a structured evaluation rubric was developed on the basis of prior

AI evaluation methodologies,29,35–37 outlining module-specific criteria. The rubric

was implemented as a table containing the following fields: interaction number,

module name, description of the interaction, screenshot of the obtained result,

evaluator’s decision (true or false), and expert comments (optional). Concerning

the interactive periodic table, interactive chemical label, and electron configuration

modules, the accuracy of the generated AI content was evaluated on the basis of

expert knowledge and predefined answer keys. In contrast, the expert’s evaluation

of the Molecules Game Module was based on the AI responses’ relevance and com-

pleteness, using conceptual questions derived from the textbook. The experts were

encouraged to provide comments justifying their decisions when the responses were

false. All evaluation forms from individual experts were systematically compiled

into a spreadsheet for further analysis (see Appendix B).

Step 4: (Accuracy Measurement and Results): Finally, on the basis of the

evaluators’ reviews, the accuracy rate for each module was calculated to evaluate

the reliability of AIChemApp in generating specific and accurate content. This

involves computing the accuracy metric for each module via the following formula:

Accuracy =
Total Number of Responses

Number of Correct Responses
. (1)

This measurement metric serves to objectively compare performance across

modules and determine the reliability of utilizing GPT-4 in different scenarios for

mobile learning applications. The results and comparative analysis are presented in

the Results and Discussion section.

4. Result and Discussion

The integration of GPT-4 within AIChemApp demonstrated significant advance-

ments in enhancing the functionalities of mobile learning applications for chemistry

education. Each module’s performance was evaluated on the basis of its ability to

generate accurate and contextually relevant content tailored to each module’s objec-

tive. The periodic table module achieved a high accuracy rate of 93.33%, as shown

in Table 5. The obtained details related to chemical elements, groups, and categories

were general details that are relevant to information from the textbook. However,

the interactive chemical lab module has a lower accuracy result (75.71%). Addi-

tionally, the accuracy of the electron configuration module decreased to 68.91%,

which is the lowest ratio. The electron distribution for the first 18 elements that
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Table 5. Accuracy results for the three modules in AIChemApp.

Module name Total Accurate Accuracy
queries feedback ratio (%)

Interactive Periodic Table 40 36 93.33%

Interactive Chemical Lab 70 53 75.71%

Electron Configuration 74 51 68.91%

require the first three levels has 100% accuracy results. However, for elements that

need more than three levels (from 19K and above), 23 elements (out of 74) were

reported as false feedback from GPT-4, and some exceptions for electron distribu-

tion were not covered by GPT-4, such as 24Cr, 29Cu, 41Nb, 42Mo, and 47Ag, which

have exception rules related to electron distributions at the 4th and 5th levels.

With respect to consistency results for the game module, three evaluators

compared twenty predefined questions (extracted from the chemistry textbook)

against responses from GPT-4. The teachers confirmed that the obtained details

and responses were consistent with the answers for each question by following the

rubric provided to the evaluators.

The findings of this study demonstrate the feasibility of integrating an LLM

(ChatGPT) with a mobile learning application related to a chemistry course.

Emerging tools such as Gemini and Copilot provide additional opportunities for

integration. The ongoing advancements in LLMs offer the potential to refine feed-

back mechanisms, providing more accurate and contextually relevant responses.

Additionally, this study emphasizes technical strategies for effective communica-

tion with LLMs, including the use of APIs, JSON, XML, and parsing classes, to

ensure tailored feedback depending on the purposes of the mobile application. These

technical approaches contribute to a sustainable and scalable information retrieval

framework for educational applications and LLMs.38

In the periodic table module, integration was achieved by enabling users to inter-

act with interconnected learning materials that support “multiple meanings and

multiple concepts”.39 This was implemented by sending predefined queries to GPT-

4 to retrieve factual details about the elements, categories, and groups presented

in the periodic table. The obtained feedback was displayed in real time within the

AIChemApp GUI. Among all the modules, this module achieves the highest accu-

racy rate because of GPT-4’s advanced knowledge base and its ability to provide

precise and reliable details about the periodic table. Similar findings were reported

in Ref. 40, which highlighted GPT-4’s strong performance in answering general

open-ended questions, achieving accuracy rates exceeding 80%. However, challenges

remain in achieving complete accuracy.36 Furthermore, prior studies18,19,41 have

shown that LLMs sometimes generate descriptions that contradict chemical facts.

Accordingly, there is a need for further refinement in ensuring factual correctness.

In the interactive chemical label module, some failures were observed, where

GPT-4 produced incorrectly formulated equations. Similar issues were highlighted
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in previous studies,19,20 which reported challenges in reaction prediction, with

Ref. 20 reporting an accuracy rate of only 58%. Chemistry evaluators also identified

minor errors, particularly regarding the states of reactants and products and the

omission of reaction conditions, which should ideally be included in the equations.

Examples of evaluators’ feedback are provided in Appendices A and B. However,

some remarks were beyond the scope of the topics covered in the textbook and were

not incorporated. These findings emphasize the need to refine the ability of GPT-4

to handle complex chemical reactions accurately while aligning with curriculum-

specific requirements.

In the electron configuration module, the GPT-4 responses were also sometimes

inaccurate, as shown in the previous table (Table 5). The complexity of electron

configurations across elements requires complex rule-based calculations aligned with

the Aufbau principle, the Hund’s rule, and the Pauli exclusion principle,42 which

are not always accurate with GPT-4 probabilistic model outputs. Therefore, GPT-4

can misinterpret electron configurations, especially for electron distributions based

on the “SPDFG” sequence and quantum numbers. The electron distribution can

also depend on the shell, subshell, and orbits, as mentioned by one of the evaluators

involved in this study (as shown in Appendix A). However, the goal of this module

in AIChemApp is to mention the number of electrons in each orbital, which was

the basic requirement of the textbook. It was also reported that 5 exceptions were

not revealed by GPT-4.

In addition to the programming effectiveness and efficacy of LLMs, the accuracy

of different LLMs’ responses depends on the complexity of the problem. Further-

more, GPT-4 is considered a general-purpose conversation engine that generates

responses on the basis of a broad training dataset rather than dedicated rules and

requirements for chemistry topics and learning concepts. Accordingly, on the basis of

previously reported short-term data and the drawbacks raised in this research work

and other related works,18,43 it is important to enrich LLM datasets with factual

information related to chemistry, with the exceptions to some chemical rules and

a list of balanced equations. This highlights the need to provide training datasets

with technical knowledge specific to chemistry, which was also raised in Refs. 13

and 32. As an initial attempt in this matter, research studies25,44–46 presented a

dedicated LLM for chemistry and its tasks. Therefore, several additional validation

steps are needed to improve response accuracy and reliability not only for chemistry

mobile learning applications but also for different specializations.47

The accuracy of responses from LLMs also depends on prompt engineering tech-

niques and LLMs’ ability to support medium-to-low-resource languages, such as

the Arabic language, in multilingual mobile applications. Prompt engineering and

prompt design play a significant role in obtaining accurate diagnostic outcomes, as

reported in Refs. 15, 30, 33, 34, and 47. For example, a prompt template helps guide

LLMs to produce outputs that meet strict formatting or linguistic requirements,

which is crucial for delivering structured and meaningful feedback. Despite the use
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of a customized prompt template in our study, the process mitigated the risk of

irrelevant or overly generalized responses.

Another important aspect to be considered is what was reported in previous

studies,32,48 which outlined that ChatGPT provides better responses for English

text than other languages do.48–50 Our study proposed the use of both Arabic and

English words in prompt templates where Arabic text is used for values for both

key questions and output format, whereas English text is used for context. This is

used to help ChatGPT better process the bilingual structure of the input while

maintaining clarity in specifying the module’s purpose and its requirements. By sep-

arating the languages, the context remains universally interpretable by the model,

whereas the question and output requirements align with the target audience’s

primary language, ensuring both linguistic accuracy and module relevance details.

Therefore, prompt engineering has become a tool not only for improving response

accuracy but also for expanding inclusivity in multilingual mobile learning applica-

tions. Despite these advancements, continued research is needed to refine prompt

engineering strategies, especially for underrepresented languages, to enhance their

integration into mobile learning platforms. Additionally, the results of this study

highlight the ongoing need for further research to address the challenges faced by

non-Latin and low-resource languages in mobile learning contexts. These challenges

include difficulties in natural language processing, content adaptation, and semantic

understanding, which limit the accessibility and effectiveness of AI-based educa-

tional tools for diverse linguistic communities.

5. Limitations

The content and assessment of the adopted chemistry course are limited to topics

covered in the textbook. The number of evaluators in this study was only five.

Consequently, further studies investigating the utilization of ChatGPT for more

complex topics in the chemistry domain with a larger pool of experts are needed.

Additionally, investigating the use of explainable AI (XAI) techniques51 in mobile

learning to offer more details about LLM responses, predictions, and decisions

remains an open area for future research.

The LLM adopted in this research work was ChatGPT, although it is not the

only tool available for integration with AIChemApp. Alternative tools, such as

Gemini and Copilot, are available. Conducting comparative studies among these

tools could contribute to academic discourse and help identify the most accurate

and effective solutions for chemistry and other STEM topics within the mobile

learning domain.

As this research is related to the computer science domain and technical pro-

gramming perspectives, measuring factors affecting pedagogical aspects and learn-

ing outcomes is not covered in this research. Therefore, some instructional design

principles and guidelines require further investigation with pedagogical experts.

Furthermore, randomized controlled experiments could be conducted to evaluate

the effectiveness of AIChemApp.
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6. Conclusion

This study validates the integration of LLMs such as ChatGPT within mobile learn-

ing applications, particularly in the domain of chemistry education. It identifies key

requirements and features needed to utilize LLMs in mobile learning applications

covering different topics, such as periodic tables, chemical reactions, electron con-

figurations, and game-based assessments. Furthermore, this study extends beyond

answering basic questions in chemistry; it provides nuanced answers and feedback

related to elements and groups from the periodic table, corrective feedback on bal-

ancing chemical equations and electron configurations, and questions and answers

for game-based assessments. This study lays the groundwork for future frameworks

that utilize AI-driven learning modules, potentially broadening their application to

other academic disciplines and courses beyond chemistry.

This study also highlights challenges, such as the accuracy of results related

to chemical equations and electron configurations, and the limitations in support

for low-resource languages such as Arabic. Importantly, the benefit obtained from

the use of LLMs requires a validation process, as most LLMs are general-purpose

conversation tools that still require domain-specific datasets. This is due to incorrect

results related to balancing equations and electron configurations. This study can

address the gap between the utilization of LLMs in mobile learning for chemistry

research and inspire future research to explore enhanced integration of LLMs in

mobile learning for different science topics.

Future investigations should examine ways to increase engagement through per-

sonalized, AI-driven feedback and interactive tasks in mobile learning applications

using LLMs. Another future research direction could focus on using LLMs for gen-

erating adaptive learning resources and contents tailored to individual user profiles.

This replaces static learning resources such as videos embedded in AIChemApp with

adaptive learning paths that evolve based on user progress in mastering content

and completing learning tasks and assessments successfully.
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