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Abstract— Dyslexia is one of the common learning disabilities which impairs the individual's reading and comprehension skills. Lack of effective diagnostic tools and solutions is an issue because such conditions usually remain unidentified. The current work suggests an innovative solution which can help detect dyslexia early by using an approach based on generative AI with the use of a chatbot. The proposed chatbot is able to perform reading activities and collect the data about the person's eye movements. Important eye metrics include fixation time, number of saccades, and frequency of regressive scanning. These factors are considered when using a combination of machine learning models to analyze the collected data. LSTM is responsible for processing temporal gaze data. The system we're talking about uses two main ways to figure out if someone has dyslexia: eye-tracking analysis and handwriting assessment. When users write something by hand, the system looks at their handwriting using a special kind of computer program called a deep learning model. This model is based on something called the VGG16 architecture, which helps find patterns in handwriting that might mean someone has dyslexia. By looking at how people write and how they move their eyes when they read, the system gets a more complete picture of what's going on. It's like using two different tools to solve a puzzle. The system also has a chatbot interface that makes it easy for users to interact with it, which helps collect the information needed to make a diagnosis. This makes the whole process more efficient and easier to use, so more people can get screened for dyslexia.It should be mentioned that a chatbot provides a great opportunity for users to interact and gather cognitive data.
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I. INTRODUCTION
    Dyslexia is a common form of learning disability that mainly impairs one’s ability to read, write, and spell due to issues with their neurological development, irrespective of having average intelligence levels and adequate access to education. It affects around 10–15% of the world’s population; however, it usually remains undetected until children reach upper elementary classes where learning is based on reading. The early identification of dyslexia is of paramount importance because it allows learners to address the difficulties they face when acquiring knowledge. Yet, traditional techniques for diagnosing the condition usually require a lot of time and effort.
With the development of the new world where remote and virtual education prevails, there emerges a pressing need for an automated system that could provide early detection of dyslexia without conducting traditional face-to-face testing. The emergence of innovative technologies like eye tracking and artificial intelligence brings hope to finding a solution.
There exists a close correlation between eye movement and cognitive functions. Dyslexics demonstrate some specific eye movement patterns, including long fixation durations, regressions, and erratic saccades. Thus, through eye tracking of patients' behavior while reading, one can detect problems and identify dyslexia signs. The framework put forth in this paper consists of the integration of three advanced technology forms that can detect dyslexia: gaze tracking technology, machine learning technology, and generative artificial intelligence. The framework integrates a Gen AI-based chatbot to interact with the user, primarily students. The interaction involves conversations and natural reading where the gaze data of the reader is extracted in real-time and analyzed to identify key aspects such as duration of fixations, saccades, and smooth pursuit.
LSTM is an ideal model for the analysis of gaze data, taking into account its time series characteristics and finding patterns in the process of reading. At the same time, the Random Forest model demonstrates good results due to the variety of features and the avoidance of overfitting. These two models can be effectively used in combination in order to detect behavioral markers of dyslexia.
Main aim of the research work is to provide a user-friendly, non-invasive, and real-time method for dyslexia diagnosis that can be implemented at school and even home levels. The proposed integration technique will help in providing better educational facilities to all kinds of students through better understanding of their requirements.
II. RELATED WORKS
    With the advancements in technologies like artificial intelligence, eye tracking, and chatbots, it is now possible to identify learning disorders such as dyslexia using some innovative ways. It has been proven through recent studies that people who suffer from dyslexia display certain patterns when reading, and that includes having increased fixation duration and more frequent regressions. These unique traits can be detected by the use of advanced eye-tracking technology, and artificial intelligence can help in identifying the chances of dyslexia based on those patterns. Studies show that Hutzler & Wimmer (2004) have proven that there are differences between dyslexic readers and non-dyslexic readers when it comes to the eye movement pattern while reading. Similarly, Rello & Ballesteros (2015) were able to differentiate between dyslexic readers and normal readers with eye-tracking features using basic statistics.
Based on the preceding, machine learning algorithms including Random Forest have proven effective in identifying dyslexics. Random Forest, a decision tree ensemble algorithm, is especially useful in processing structured eye movement data. The algorithm provides accurate classifications even when the variables are not linearly related. Asvestopoulou et al. (2019) employed Random Forest in a case study involving a group of students whose eye movements were recorded. In this case, their model predicted whether participants were dyslexic with above 90% accuracy. The variables included in their model included total reading time, total fixation count, and saccade duration.
Similarly, other deep learning algorithms including LSTM have demonstrated remarkable potential in processing sequential eye gaze data. LSTM, a type of RNN, is especially useful in learning long-term dependencies in time series data.
It becomes an ideal choice for examining the order of fixation and saccades in reading activities. The application of LSTM networks by Zemblys et al. (2018) in predicting reading comprehension and cognitive efforts from eye movements proved that these neural networks were capable of modeling the intricate gaze behaviors. In diagnosing dyslexia using eye tracking data, LSTM networks would reveal the temporal patterns hidden in the data.
The utilization of such technologies in designing an interactive, AI-powered chatbot serves as a unique approach towards dyslexia identification. Chatbots may engage in simulating various reading exercises, capturing user input, and leading users through calibrated tests to provide them with eye-tracking data on-the-go. The latest developments in generative AI, particularly large language models, provide better capabilities to the chatbots to conduct personalized assessments of their users. Through utilizing gaze tracking, LSTM, and Random Forest for building classification models, a chatbot application might serve as an accessible and engaging means to perform early dyslexia identification. Despite the fact that each technique mentioned is widely explored in the literature, their integration within the framework of AI-powered conversations still needs further research.
This project intends to fill in that niche by combining the strengths of all the mentioned techniques.
III. PROPOSED MODEL
The suggested architecture combines generative artificial intelligence, eye tracking, and machine learning algorithms to build an intelligent chatbot that can identify dyslexic symptoms in users during natural conversations and gaze behavior. The solution is intended to help users perform tasks related to reading activities and record their gaze behavior in real time by means of an eye tracking interface, including web camera-based eye tracking devices or other specialized eye tracking units. The obtained dataset will serve as a source for the machine learning models’ training process..
   The chatbot, which uses a generative AI algorithm such as GPT, converses with the user, offering carefully selected reading texts with associated comprehension questions. As the user reads these texts, their eye movements are tracked, thus forming time series data that is further analyzed using two parallel methods. The first method involves an LSTM neural network to study the sequence of eye movements, while the second utilizes the Random Forest algorithm for statistical analysis of the eye movement data.The LSTM model captures temporal dependencies and irregularities in the reading flow, which are often subtle indicators of dyslexia. It is trained on sequences of gaze points to learn the difference between typical and dyslexic reading patterns. Meanwhile, the Random Forest model processes summary statistics, enabling fast and robust classification based on predefined features. The outputs from both models are then fused using a decision-level integration method to improve accuracy and reduce false positives.
    After the analysis process, the chatbot gives feedback to the user. In cases where the chatbot is being used for educational or research purposes, the chatbot can even create a comprehensive report on the outcomes of the analysis and indicate whether further testing by a professional is required. The chatbot places a lot of emphasis on user privacy, simplicity, and accessibility, thus allowing it to be deployed remotely in educational institutions such as schools, clinical environments, or even at home. The combination of these three techniques creates an interesting and innovative way of detecting dyslexia using chatbots.
A. Feature extraction and preprocessing
Feature extraction and pre-processing are two crucial stages that ensure proper processing of the eye gaze tracking data for dyslexia detection. Eye gaze tracking data usually comprises timestamps of gaze points, fixations, saccades, and blinks. First, it is necessary to clean the data by getting rid of any noise created by the blinking process, head movement, or even eye tracking loss. Afterwards, segmentation needs to be performed.

The extraction process involves both statistical and temporal feature sets obtained from the cleaned data set. Statistical features include the mean fixation duration, number of fixations per line, saccade amplitudes, total reading times, and number of regressions. All these features are indicative of the efficiency and pattern used by the reader. Additionally, a temporal sequence of fixations and saccades is also retained to feed into the Long Short-Term Memory (LSTM) algorithm since this is required by the machine learning technique. Normalization of the features is performed to account for the differences in speed and screen resolution among various readers. Furthermore, dyslexic and non-dyslexic tags are included during supervised learning. The feature vector for random forest includes statistical features, while the sequence of gaze positions and timings form the input for LSTM
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  Fig. 1. Architecture of the Proposed Model


                    IV . MACHINE LEANRNING TECHNIQUE

In order to distinguish dyslexic reading behavior through eye movement data, the proposed approach employs a mixed machine learning model that incorporates both classical and deep learning techniques such as Random Forests and LSTM neural networks, respectively. 

The reason behind the integration of these two models can be attributed to their distinct advantages. On one hand, Random Forests provide interpretability and good performance on structured statistical data. On the other hand, LSTM networks are ideal for capturing temporal sequence features, making them appropriate for the task at hand.

         B. LSTM- BASED SEQUENTIAL MODELING

In addition to random forest classification, LSTM networks (a variant of RNNs) have been introduced to deal with the temporal dynamics of the eye tracking signal. Unlike the standard models that treat all inputs equally, LSTMs are able to learn the long-term dependencies in sequences, which is important in modeling the reading process. In this case, the LSTM algorithm receives sequences of fixation locations, fixations durations, and transitions from one to another as an input, and learns the common trajectory pattern both of dyslexic and non-dyslexic readers. As a matter of fact, dyslexic people usually show some deviations in eye movements, like frequent regressions and disruptions in forward reading processes, which can easily be captured by an LSTM network. Moreover, by virtue of using gated memory cells, it is possible for the algorithm to selectively forget or store particular information when learning, thus enabling the model to concentrate only on the relevant information.

               
V.HAND WRITING -BASED MODALITY

In this dyslexia recognition modality, the primary purpose is the identification of dyslexic people based on the presence of certain behavioral and structural patterns within the handwriting samples provided. Samples of handwriting are obtained either digitally (tablet devices) or through scanning. These handwriting samples then go through several preprocessing processes including noise removal, binarization, and normalization.

From the samples obtained, various features that include the formation of letters, inconsistencies in spacing, misalignment, writing speed, stroke uniformity, etc., will be extracted. Also, some typical dyslexic features such as letter reversals, inconsistency in letter sizing, uneven spacing, etc., will also be included. 

All these extracted features will be structured as a feature vector and subjected to a machine learning process. In particular, Random Forest, being one of the most effective classifiers when working with non-linear data, will be used.
With the aid of machine learning, dyslexic and non-dyslexic persons will be classified. The handwriting modality can even be enhanced through the use of other more advanced methods such as Deep Learning (Convolutional Neural Networks). Also, results obtained from this module are fused with those from the gaze tracking modality at the decision level.
With this hybrid system design, there will be improved capability of providing timely and accurate feedback from the chatbot in regards to the detection process

Algorithm1: LSTM Integration for Dyslexia Detection
         Input: Gaze data recorded in real time when reading
Output: Dyslexia detection results (Dyslexic / Non-Dyslexic)
Begin
LSTM network initialized (pre-trained weights or configured architecture)
Gaze data recorded using web-camera/eye tracker in relation to chatbot's reading task
Gaze data is processed to eliminate any noise and formatted as time-series.
Sequential and statistical features are extracted from gaze data.
while (user session continues) do
 Conduct reading task through chatbot interface
 Real-time eye tracking during reading task
 Data processing on gaze streams per session.
 Statistical features computation (Fixation count, saccade length etc)
 Sequence features extraction for LSTM modeling (timestamps, trajectories)
 Pattern prediction using LSTM network
 Result storage and feedback generation.
end while
B. Algorithm Explanation
1. Initialization:
The system starts with loading an already trained LSTM model or building a new one optimized for the sequence of eye movements. In parallel, a Random Forest classifier model is initialized with optimal parameters such as depth of trees, number of estimators, and the size of features subsets. Both models are used to analyze the gaze activity of the user during real-time interaction. Also, an interface of a chatbot driven by the AI model is initiated to control the reading process.
2. Collecting Eye Gaze Data:
The user starts interacting with the AI-powered chatbot that provides reading material customized for eye tracking and cognitive load analysis. The user's eye gaze is monitored in real time with either a webcam or specialized eye tracker.3. Preprocessing and Feature Extraction:
Raw gaze data often includes noise from blinks, head movement, and lighting conditions. The system applies Gaussian smoothing and outlier filtering to clean the data. Histogram equalization may be applied to balance visual contrast during screen-based reading. From the cleaned data, two types of features are extracted: (a) Statistical features (e.g., average fixation duration, regression count, saccade amplitude) for Random Forest, and (b) Time-series data (gaze positions and timestamps) for LSTM input.

4. Sequential Pattern Analysis Using LSTM:

The LSTM model works on the sequential eye tracking data, detecting temporal patterns, like uneven eye tracking speed, pausing, or backtracking, which are common for dyslexics. The memory cells in the LSTM network remember long-range dependence and allow distinguishing between typical and dyslexia-related eye tracking behaviors.
5. Statistical Classification with Random Forest
At the same time, the Random Forest algorithm performs classification of the eye tracking data based on the calculated statistical parameters. The algorithm determines whether the observed eye tracking behavior is associated with dyslexia.
6. Output Combination and Decision Making
Both output streams from the neural network and statistical classifier are combined using the decision level approach, for example, weighted average, or vote.
7. Final Output:
From the outcome of the models, the chatbot gives a live screening response about dyslexia—whether there is the possibility of having it or not. This information is logged together with the other session data.
C. Dyslexia Classification


The combined detection pipeline detects whether the user is dyslexic or not depending on his eye movement pattern. The LSTM algorithm detects irregularities in eye movement such as frequent regressive saccades or sustained fixations, whereas the Random Forest classifier confirms these results through global statistics.

The main benefits of the hybrid approach include contextual awareness of time-related features, as well as high interpretability. The outcome of classification can serve as an impetus for providing personalized recommendations by the chatbot, prompting parents or teachers to refer their child for professional assessment, and generating reports. It is especially useful in distant learning, schools' screening programs, and user-friendly domestic tools to help overcome the shortage of early dyslexia detection.
                 VI. RESULTS AND DISCUSSION
This research assesses the performance of the AI-based system of detecting dyslexia by analyzing gaze tracking data and the usage of the AI-based chatbot for suggesting improvements. Efficiency of the system is evaluated based on both statistical measures (precision, accuracy, and recall) as well as specific scenarios taking into account various contexts of operation, including school, clinic, and at-home use.
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The first scenario presents a real-time gaze tracking test, where the user is asked to read a passage. The system processes the gaze data through the Long Short-Term Memory (LSTM) network and outputs a dyslexia likelihood score. The chatbot, using this output, then provides personalized feedback and suggestions for the user. In this case, the model accurately identifies a dyslexic pattern with a confidence of 92%, highlighting its effectiveness in real-time, non-invasive screening.
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Fig 3. User Interaction with the chatbot


Scenario two (Figure 2) focuses on a user who exhibits differences in reading proficiency. In spite of occasional interruptions and variations in gaze patterns, the AI program, which uses both the LSTM and Random Forest algorithm, identifies the presence of possible dyslexia. Following analysis of the gaze data, the chatbot offers appropriate suggestions such as engaging in particular reading activities and making an appointment with a professional expert.
In the third scenario (Fig. 3), the user's interaction takes place in a home setting post-completion of the reading activity and involves interaction with the chatbot. Gaze data is analyzed by the system to generate feedback via the chatbot, which includes advice on making the reading process more efficient and queries from the chatbot to gain more information from the user. The confidence rate obtained by the system in detecting possible dyslexia is 87%.
In all cases, the hybrid system of LSTM for temporal gaze tracking and Random Forest for feature processing delivers high accuracy and fast results, while the chatbot enhances user interaction by providing relevant suggestions. The integration of generative AI offers an intuitive and accessible way for users to receive feedback and take steps toward early dyslexia detection.
A. Dataset Description:
The Dyslexia Gaze Tracking Data Set acts as an advanced benchmark for the identification of dyslexia using eye movements. The dataset comprises 160 samples of gaze data that have been segregated into 80 dyslexic and 80 non-dyslexic categories. These samples have been organized in a structured CSV file format containing time-series data collected during eye tracking experiments on reading exercises.
Key data points recorded in this dataset include fixation duration, saccade distance, regression count, and fixation count. All these key indicators are important cognitive factors related to dyslexia. The dataset aims at capturing slight anomalies during reading tasks, such as repeated backward saccades and fixations, which are typical characteristics exhibited by individuals with dyslexia.
The dataset was designed to be compatible with neural network models, which means that its data can easily integrate into time series pipeline processing and allow users to build models suitable for binary classification (Dyslexic or Normal).
In this study, the data set is applied for training and testing of LSTM-based dyslexia prediction model, along with comparison against a baseline method such as Random Forest. The quality of annotation and the appropriateness of features for the particular domain enable trained models on this data set to perform well in practical applications through webcam eye-tracking devices.
B. Quantitative Performance:
The dyslexia detection using LSTM gives an accuracy of 92%, higher than that obtained from Random Forest which is 89%, as illustrated in Table I. The LSTM classifier has good reliability, scoring 0.93 precision, 0.88 recall, and 0.90 F1-score for Normal class. On the other hand, it gets a precision score of 0.91, 0.95 recall, and 0.93 F1-score for Dyslexic class.
      

The findings above demonstrate the potential of LSTM to accurately recognize sequential dependencies in eye movements, thus providing improved prediction performance when applied in dyslexia diagnosis.

TABLE II
PERFORMANCE COMPARISON

	Metric
	LSTM
	Random Forest

	Accuracy
Macro Avg F1
Weighted Avg F1
	0.92
0.92
0.92
	0.89
0.89
0.89




C. Comparative Evaulation of Model Parameters:
In our research, we have explored the effect of architectural choices and hyperparameter optimization on dyslexia diagnosis quality. For the LSTM algorithm, we have used a learning rate of 0.001, a dropout of 0.3, and a sequence length of 50. For Random Forest, we have utilized 100 estimators with max depth of 5.
As shown in Figure 4, LSTM exhibited a steady increase in accuracy and F1-score across epochs, achieving convergence around the 35th epoch. This trend highlights its ability to extract meaningful temporal dependencies from eye-tracking sequences.
    [image: Output image]
Fig. 5. Class wise F1 Score Comparison
TABLE I 
CLASS-WISE COMPARISON

	      Class
	    Model
	Precision
	Recall
	F1

	Normal
Dyslexic
Normal
Dyslexic
	       LSTM
LSTM
 Random Forest
 Random Forest
	0.93
0.91
0.88
0.91
	0.88
0.95
0.88
0.91
	0.90
0.93
0.88
0.91




In comparison to the Random Forest algorithm that attains 0.88 precision and 0.91 recall rate in identifying the Dyslexic class, the LSTM neural network is evidently more effective in dealing with the complex temporal nature of the gaze sequence. The macro-average and weighted average measures reinforce this conclusion.
   [image: ]

Fig. 6. LSTM convergence trends for precision, F1 and recall across iterations.


D. Training:
                                                                                   VII. CONCLUSION AND FUTURE WORKS
The LSTM classifier designed for dyslexia detection is trained with default values for hyperparameters such as learning rate (0.001), dropout (0.2), and batch size (16). Gaze-tracking data from 80 CSV files labeled "normal" and "Dyslexic" was used for training the model. All computations were done on an NVIDIA RTX 3050 GPU. The training time was short, as expected thanks to efficient computations made possible by the GPU.
The trained model can successfully classify gaze-tracking data into one of two classes, "Normal" or "Dyslexic." Model performance analysis on a different dataset helps understand precision, recall, and F1-score measures. Both the trained model and the scaler are saved after successful training so that predictions for any further data can be easily made.



E. Discussion:
As seen from the results, the trained dyslexia detection model based on LSTM surpasses the baseline when it comes to achieving high precision, recall, and F1-scores for the "Normal" and "Dyslexic" labels. Such a model is likely to perform well when used in real-life settings because it works well with the wide range of input data. Moreover, compared to other models, the performance of the one proposed can compete with the state-of-the-art solutions in this sphere.
There are some limitations of the model, however. For example, while the model seems to do fine in terms of distinguishing between gaze patterns of people with and without dyslexia, there might be difficulties in separating the subtle differences that exist between the two categories. This issue might be caused by the imbalanced dataset. In addition to that, as it takes about 5 hours to train the model for 100 epochs, the algorithm needs to be optimized for large datasets. Still, the fact that the training process is quite fast makes it possible to achieve good prediction times even with large amounts of input data.
In this study, a novel machine learning model to detect dyslexia based on eye movement data has been proposed by implementing artificial intelligence technologies. This innovative machine learning approach has made use of LSTM (Long Short-Term Memory). The advantage of using the LSTM model for this application is that it can predict eye movement patterns in dyslexia. The combination of LSTM and Random Forest model has enabled an effective and accurate dyslexia detection process through statistical analysis of eye movement patterns.
Moreover, the implementation of a chatbot model powered by generative artificial intelligence makes it possible to administer reading tasks via an interactive platform. Eye movement data is collected and analyzed instantly while performing reading tasks, making the whole process efficient and convenient for both patients and researchers. This approach makes it easier to implement eye movement analysis in schools and home-based settings due to its low costs and accessibility.
There are a number of ways that future work on the system can be done. Increasing the diversity of the dataset by including samples from different age groups, levels of literacy, and cultures will result in an even greater level of generalizability and robustness. Further research can also include the use of more advanced architectures such as Transformer networks, which may prove to work well especially in cases where longer texts are involved.
Conclusion This hybrid gaze-based system for dyslexia screening is scalable, cheap, intelligent, and user-friendly. It provides a promising way to detect dyslexia early and intervene before it becomes too late. Further development of the system will only make it even more valuable to educators, healthcare practitioners, and families around the world.
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Dyslexia Detection And Suggestion Chatbot

Hello! I am a chatbot here to assist you by providing
suggestions and support regarding your dyslexia analysis. To
proceed with the analysis please type proceed.

Okay, based on the dyslexia likelihood score of 85.77%, it's highly
probable that the user experiences traits associated with dyslexia.
Therefore, it's crucial to implement reading strategies that cater to
the specific challenges that dyslexia presents.

Important Note: It's highly recommended that the user seek a
formal diagnosis from a qualified professional (e.g., educational
psychologist, learning specialist). A diagnosis will provide a deeper
understanding of the individual's strengths and weaknesses, leading
to a more personalized and effective intervention plan. These
suggestions are in addition to and not  replacement for professional
guidance.

Here's a breakdown of reading improvement suggestions,
categorized for clarity:

1. Multi-Sensory Reading Instruction (Orton-Gillingham Based
Approaches):
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