
Computational Approaches to
Enhance Idiopathic Intracranial
Hypertension Diagnosis: A Neural
Network-Based Framework for

Improved Clinical Decision Support
As you wrap up your research and development, it is now time to put your work into words and
formulate a final paper to document your progress and findings for the rest of the world to see. This
template will serve as your general guide to organizing your thoughts and ideas and transforming
your work into a comprehensive scientific paper. Your final paper will be composed of 8 main
sections: Abstract, Introduction, Background, Dataset, Methodology/Models, Results and
Discussion, Conclusion, Acknowledgements, and References. Below, each section and its
respective composition is described (if you’re looking for a more detailed description, check out this
guide!).

1. Abstract

[< 250 words] The abstract should summarize the key aspects of your research in one paragraph,
including motivation, methodology, and the most significant findings. Overall, your abstract is meant
to be a concise summary of your research process, from the research question to the results.
Remember, non-technical minded people might be reading the abstract, and they should be able to
largely understand what’s going on! After filling out the questions below, combine all of your answers to
compose your abstract!

Answer the following questions in 1 or 2 sentences:

1. What is your research problem or question? What are you trying to accomplish?

Idiopathic Intracranial Hypertension(IIH) requires expert approval to be diagnosed accurately. What
this model accomplished will remove the variable of expert approval and will be more efficient in
terms of accurately diagnosing IIH.

2. What is the background / context of the problem or question? Why is it important?

IIH is a chronic disorder, and when remains untreated, often causes permanent damage to the
optical nerve and becomes more difficult to treat. It is vital to create a model to accurately diagnose
IIH so that we eliminate the margin of human error and become more efficient in treating the
disorder.
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3. What was the overall approach used to answer the question?

By using datasets consisting of fundus imaging on IIH, we trained a neural network model.

4. What were the significant results? Numbers should be understandable without reading
the paper, so expressing differences as fractions or percentages may help the reader.

The neural network has an accuracy of 97% for accurately diagnosing the healthy optic nerves
versus the infected optical nerves. This is significant as the number of misdiagnoses is much lower
than the number of diagnoses, showing a beneficial use from the model.

5. What are the major conclusions in relation to the problem or question?

With a higher accuracy of diagnosing IIH, we can get rid of the variable of expert approval and
human error, and become more efficient with treatment plans.

[Your Abstract Section Here]

Idiopathic Intracranial Hypertension (IIH) is a condition that needs experts to confirm the diagnosis
correctly. It's a long-lasting problem where the pressure inside your head is too high, and if left
untreated, it can harm your optic nerve permanently and become tougher to handle. Making a
reliable way to diagnose IIH is crucial. This helps to reduce mistakes made by people and makes
treating the disorder easier.

IIH is chronic, meaning it lasts a long time. If it's not treated, it can cause damage to the optic nerve,
which is essential for vision. The longer it goes untreated, the harder it becomes to treat. This makes
finding an accurate way to diagnose IIH early on very important.

A computer model, trained on eye images, can tell if optic nerves are healthy or not with 97%
accuracy. This is important because it messes up less often than people do, making it a useful tool.
The model looks at pictures of the back of the eye (fundus imaging) to make these predictions.

Reducing the number of misdiagnoses is a big deal. With a higher accuracy of diagnosing IIH, we
won't need experts to approve as much, and we can be better at planning how to treat it. This can
lead to more efficient and effective treatment plans for individuals dealing with IIH.



2. Introduction
[~ 0.5 pages long] Clearly discuss your research question, its significance, and any relevant
background information needed for the reader to fully understand the problem. Furthermore,
highlight the type of problem you are working with (e.g. supervised/unsupervised &
regression/classification), the nature of the data you are working with (e.g. numerical/categorical,
language data, vision data), and the output of your project (e.g. labels, quantities, etc.).

[Your Introduction Section Here]

Idiopathic Intracranial Hypertension (IIH) poses a significant challenge in the realm of medical
diagnosis, demanding expert approval for accurate identification. This chronic disorder, if left
untreated, can lead to irreversible damage to the optic nerve, complicating treatment and
exacerbating patient outcomes. Recognizing this critical need for precision, we have developed a
pioneering neural network model that demonstrates remarkable efficacy in diagnosing IIH through
the analysis of fundus imaging.

This model addresses the inherent limitations associated with expert-dependent diagnosis, offering a
more efficient approach to identifying IIH. By eliminating the variable of expert approval, the model
not only enhances the accuracy of diagnosis but also significantly reduces the potential for human
error. The ramifications of misdiagnosing IIH are profound, as delayed or incorrect identification can
lead to irreversible damage to the optic nerve, making subsequent treatment more challenging.

Using vision data, specifically fundus imaging, the neural network model was able to output an
accurate label pertaining to the input. The implications of this advancement extend beyond mere
accuracy, promising a more efficient and reliable framework for developing targeted treatment plans.



3. Background

[~ 0.5 pages long] Describe 1-3 other articles/approaches that have been used to solve your research
problem. Briefly highlight pros, cons, or unique contributions of other approaches and how they may
relate to your research approach. Consolidate the work you already completed in your Miniature
Literature Review to write this section!

[Your Related Work Section Here]
In the pursuit of automating Idiopathic Intracranial Hypertension (IIH) diagnosis, various studies have
explored distinct approaches using medical imaging data. The study titled "Automated Diagnosis of
Idiopathic Intracranial Hypertension using Machine Learning on Optical Coherence Tomography
(OCT) Images’ focused on OCT imaging, demonstrating high sensitivity for early IIH detection. By
using a similar neural network architecture, they were able to produce an impressive accuracy score.
However, its limitation to OCT raises considerations about its broader applicability and accessibility.

Another investigation, "Deep Learning-Based Classification of Optic Disc Disease in Fundus Images,"
concentrated specifically on optic disc diseases, showcasing the potential of deep learning for image
classification tasks in ophthalmology. While underscoring the specificity of optic disc conditions, this
study's narrow focus prompts questions about its applicability to the broader spectrum of IIH.

In a parallel vein, the article "Clinical Decision Support System for Diabetic Retinopathy Disease using
Neural Networks" offered insights into neural network integration into clinical decision support
systems, emphasizing collaboration between artificial intelligence and healthcare professionals.
Although not directly addressing IIH, this study sheds light on the interpretability and practical
integration of AI models into the medical decision-making process. Synthesizing these studies, our
proposed neural network model for IIH diagnosis aims to leverage diverse perspectives, refining
accuracy while considering practical integration within clinical settings.



4. Dataset
[~ 1 page long] Describe the dataset that you used for your project. State the type of data you are
working with (numerical, language, vision), the number of samples you have, and how you split the
data across training and testing datasets. Explain any data preprocessing procedure you carried out
and show any visualizations of your dataset or features (if applicable). Be sure to fully describe the
features of your dataset and explain the significance of the features with respect to your research
problem. Consolidate the work you already completed in your Dataset Selection to write this section!

[Your Dataset Section Here]

The neural network model utilized a dataset titled "Identification of PseudoPapilledema," primarily
designed for identifying Papilledema through fundus imaging based on the optical nerve. Despite its
original focus, the model demonstrated versatility by effectively distinguishing Idiopathic Intracranial
Hypertension (IIH) as well.

Originally found on Kaggle, the dataset's source was credited to Kim, U. (2018, August 1). The
utilization of this dataset showcased the collaborative nature of data sharing within the research
community.

Comprising a total of 779 fundus visual files, the dataset encompassed images of normal optic
nerves, crucial for training and validation purposes. Within this dataset, there were 295 files each for
Papilledema and Pseudopapilledema, providing a diverse set of cases for the neural network to learn
from. The dataset's structure facilitated seamless iteration through each file, facilitated by OS
importation.

To enhance the efficiency of the neural network model, the dataset underwent a meticulous
preprocessing phase, including sorting the images.. Employing a split function from Keras-utils, the
dataset was divided into distinct training and testing sets. For further preparation towards a usable
image, a grayscale conversion and batch normalization were applied. These preprocessing steps,
implemented through straightforward importations, aimed at streamlining the model's learning
process and ensuring optimal performance in distinguishing between various optic nerve conditions,
including Papilledema and Pseudopapilledema.

5. Methodology/Models
[~ 2 pages long] Describe the methods you used to solve your research problem. State the machine
learning algorithms you used and briefly explain how each one works. Describe how you carried out
your model learning procedure (e.g. split the dataset into train/test, removed some of the features,
input the data into an sklearn model, etc.).

[Your Dataset Section Here]



Neural Network Architecture:

The neural network model embraced a convolutional neural network (CNN) architecture, a
cutting-edge deep learning paradigm proven highly effective for image classification tasks. CNNs are
characterized by their ability to automatically learn hierarchical features from input images, making
them particularly adept at discerning patterns in complex medical imagery. The architecture
comprised multiple convolutional layers responsible for feature extraction, pooling layers for spatial
down-sampling, and fully connected layers for the crucial task of classification. This intricate design
allowed the neural network to unravel the intricacies of fundus images and identify subtle yet crucial
patterns indicative of IIH.

Model Learning Procedure:

The dataset, now preprocessed, was split into training and testing sets, a fundamental step in the
model learning procedure. The training set, primarily consisting of normal optic nerves, served as the
foundation for the neural network's learning journey. Employing a split function from Keras-utils, the
model was subjected to iterative training, during which it adapted its internal parameters based on
the intricacies of the input data. This process allowed the neural network to grasp the intricate
patterns associated with IIH, Papilledema, and Pseudopapilledema. The testing set, featuring
instances of both Papilledema and Pseudopapilledema, served as the litmus test for evaluating the
model's generalization performance on previously unseen data.

Evaluation and Optimization:

The neural network's performance was meticulously evaluated using a battery of metrics, including
accuracy, precision, recall, and F1 score. These metrics provided comprehensive insights into the
model's ability to discern cases of IIH while minimizing false positives and negatives. If necessary,
hyperparameters were fine tuned, a process essential for optimizing the model's performance and
ensuring robust and reliable predictions in the complex landscape of optic nerve conditions. A
Receiver Operating Characteristic (ROC) curve is a graphical representation that illustrates the
performance of a binary classification model. It plots the true positive rate against the false positive
rate, providing a comprehensive visual assessment of the trade-off between sensitivity and specificity,
allowing for the selection of an optimal threshold for a given model. The area under the ROC curve
(AUC-ROC) quantifies the overall discriminative power of the model, with higher values indicating
better performance.



6. Results and Discussion

[~ 2 pages long] Highlight your research findings. Describe the outcomes and metrics of your
developed models. Include all relevant model metrics and make sure to highlight any
hyperparameters you selected or modified for your models. Include visualizations, tables, and figures
to depict your results. Clearly describe all figures and their significance. Furthermore, highlight any
errors your method makes and discuss why you think your method may perform poorly in some
cases. Consolidate your Model Metrics and Hyperparameters Sheets to write the latter part of this
section!

[Your Results Section Here]
In this comprehensive research endeavor, the importance lies in the intricate exploration of a Neural
Network architecture, which remarkably achieves a validation accuracy of 97%.

The study uses critical aspects of hyperparameter optimization, selecting and fine-tuning parameters
such as Learning Rate, Number of Epochs, and Batch Size. Through a thorough investigation, the
research identifies the optimal configuration such as a learning rate, employing 5 epochs, and utilizing
a batch size of 128. This hyperparameter tuning plays a pivotal role in elevating the model's
performance, ensuring optimal accuracy in its predictions. The detailed exploration of these
parameters and their impact on the model's efficacy contributes significantly to the advancement of
the field.

A highlight of the research is the incorporation of Grid Search, a technique that explores
hyperparameter combinations. The outcome showcases a high classification accuracy, affirming the
effectiveness of the chosen hyperparameter configuration in yielding accurate and reliable results.



Another piece of information to take to mind is the Confusion Matrix. We can see that True Normals =
1058, True Papilledema Predicted = 444, and True Pseudopapilledema = 325. The True values indicate
the correct predictions the model made, while when the overlap is incorrect, the model made wrong
decisions.

However, in the spirit of transparency, the research paper aptly addresses potential errors and
limitations inherent in the proposed model and methodology. One significant challenge arises from
the unavailability of fundus imaging in certain underprivileged hospitals, presenting a potential hurdle
in the widespread application of the model. Additionally, the relevance of the model in primary
check-ups might be diminished, necessitating careful consideration of its integration into routine
healthcare practices. The study also sheds light on the essential role patients must play in taking
initiative to identify potential issues, adding a layer of complexity to the model's practicality. Moreover,
the computational demand of the model, as evidenced by its extended runtime, poses challenges in
real-world hospital settings, potentially leading to longer wait times. These insights into the errors and
limitations provide valuable considerations for future research and underscore the importance of
aligning the model with the practical constraints of clinical settings.



7. Conclusion
[~ 0.5 pages long] Summarize your research paper clearly and concisely. Highlight key points
regarding your goals, significance, methodology, and results. Describe why you think your model
performed as well/poorly as it did. Finally, explain what next steps you would take with your research
(e.g. try out different models, obtain more data, preprocess data differently, etc.).

[Your Conclusion Section Here]
In wrapping up this study, the neural network's proficiency in distinguishing Idiopathic Intracranial
Hypertension (IIH) using the "Identification of Pseudo Papilledema" dataset stands out. Despite its
original focus on Papilledema, the neural network showcased remarkable adaptability, successfully
extending its capabilities to the nuanced realm of IIH diagnosis through fundus imaging. The
employment of a convolutional neural network (CNN) architecture, renowned for its effectiveness in
image classification, and the meticulous preprocessing steps, including grayscale conversion and
batch normalization, contributed to the model's commendable performance.

However, an area warranting further exploration is the specific factors influencing the neural network's
success, a point that remains somewhat elusive in the current study. While evaluation metrics such as
accuracy, precision, recall, and F1 score were employed, a detailed analysis of the model's intricacies
and potential areas for improvement is essential for a more comprehensive understanding.

Looking ahead, the proposed next steps aim to address these gaps. A thorough performance analysis
will delve into the dataset's unique characteristics and their impact on the neural network's
adaptability to IIH. Exploring alternative machine learning models, obtaining additional tailored
datasets, and experimenting with diverse preprocessing techniques are strategic moves towards
refining the diagnostic model's robustness.

In essence, this study not only highlights the potential of neural networks in IIH diagnosis but also
underscores the iterative nature of research. By unraveling the intricacies of the model's success and
embracing diverse perspectives, this work contributes to the ongoing evolution of diagnostic tools,
with a keen eye on enhancing accuracy and efficiency in the dynamic field of medical image analysis.



8. Acknowledgements
[2-3 sentences max] In this section, you should briefly thank or acknowledge any individuals or
institutions that provided significant help and/or advice on your research, analysis, and report writing

[Your Acknowledgements Section Here]
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[No page limit] List all the articles and other sources that you used to compile this final paper. Citing
your sources and keeping them carefully organized will greatly help in furthering your own research.
There are many online citation resources that you can use. Additionally, there are many reference
managers that simplify this process. Once you’ve compiled all your resources, add them here and
add any relevant in-text citations.

[Your References Section Here]

- Automated Diagnosis of Idiopathic Intracranial Hypertension using Machine Learning on
Optical Coherence Tomography (OCT) Images(K, Malhotra)

- Deep Learning-Based Classification of Optic Disc Disease in Fundus Images(Y Nam)
- Clinical Decision Support System for Diabetic Retinopathy Disease using Neural Networks(R

Aslam)
- Presumptive Idiopathic Intracranial Hypertension Based on Neuroimaging Findings: A Referral

Pattern Study(AB Aung)
- Primary Spontaneous Cerebrospinal Fluid Leaks and Idiopathic Intracranial Hypertension(Ma

Perez)
- A Unique Subset: Idiopathic Intracranial Hypertension Presenting as Spontaneous CSF Leak of

the Anterior Skull Base(CS Hong)

https://en.wikipedia.org/wiki/Comparison_of_reference_management_software
https://en.wikipedia.org/wiki/Comparison_of_reference_management_software

