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Abstract: Background/Objectives: To develop a deep learning model for esophageal motility disor-
der diagnosis using high-resolution manometry images with the aid of Gemini. Methods: Gemini
assisted in developing this model by aiding in code writing, preprocessing, model optimization,
and troubleshooting. Results: The model demonstrated an overall precision of 0.89 on the testing
set, with an accuracy of 0.88, a recall of 0.88, and an F1-score of 0.885. It presented better results for
multiple categories, particularly in the panesophageal pressurization category, with precision = 0.99
and recall = 0.99, yielding a balanced F1-score of 0.99. Conclusions: This study demonstrates the
potential of artificial intelligence, particularly Gemini, in aiding the creation of robust deep learning
models for medical image analysis, solving not just simple binary classification problems but more
complex, multi-class image classification tasks.

Keywords: Gemini; deep learning; esophageal motility disorder diagnosis; image classification;
artificial intelligence; HREM

1. Introduction

Esophageal motility disorders (EMDs), characterized by abnormal contractions of the
esophageal body (hypertensive, hypotensive, failed, or spastic) or impaired relaxation of
the lower esophageal sphincter, can lead to a spectrum of symptoms, including dysphagia,
chest pain, and regurgitation [1]. Among the diagnostic modalities employed to assess
esophageal motility, high-resolution esophageal manometry (HREM) has emerged as a
gold standard, providing detailed information about pressure changes along the length of
the esophagus during swallowing [1-4].
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Despite the clinical utility of HREM, the interpretation of the studies remains chal-
lenging and strongly related to the observer’s experience in manometry testing. Indeed,
manual analysis of esophageal manometry images involves identifying specific patterns of
the peristaltic waves and classifying them according to established criteria. This process
demands expertise, and it is time-consuming and highly susceptible to inter-observer vari-
ability [5-8]. Furthermore, the increasing prevalence of EMD and the growing demand for
effective healthcare require innovative solutions to streamline a rapid automated diagnostic
process. Consequently, there is a compelling need for automated solutions that can enhance
the efficiency, consistency, and accuracy of EMD diagnosis.

Artificial intelligence (AI) has revolutionized various fields of medicine, demonstrating
the potential to enhance diagnostic accuracy and efficiency. In recent years, the application
of Al in medical imaging has gathered significant attention, showcasing promising results
in tasks such as image segmentation, classification, and disordered pattern recognition. In
the realm of EMD, there exists a compelling opportunity to harness the power of Al for the
automated diagnosis of HREM images.

Gemini, unveiled in December 2023 by Google DeepMind, specifically the Gemini
1.5 Flash model, constitutes a novel family of multimodal large language models, encom-
passing variants like Gemini Ultra, Pro, and Nano. Positioned as a successor to LaMDA
and PalLM 2, it leverages its multimodal capabilities to reason seamlessly across various
data modalities, including image, video, audio, and code. This versatility, coupled with
its proficiency in natural language processing, empowers Gemini to act as a multifaceted
tool, facilitating tasks ranging from information retrieval and reasoning to creative text
generation and code comprehension [9-12].

While not currently designed for direct code generation, Gemini’s capabilities position
it as a valuable tool in the development of deep learning (DL) programs for automated im-
age recognition and diagnosis in medicine. Its ability to access and process vast amounts of
information allows it to effectively research existing medical knowledge, relevant datasets,
and established DL architectures. This knowledge can then fuel the exploration of specific
medical imaging tasks and potential solutions. For instance, a user could query Gemini
about common chest X-ray findings associated with pneumonia, and Gemini could iden-
tify relevant datasets and research papers detailing convolutional neural network (CNN)
architectures effective in pneumonia detection [12,13]. Furthermore, Gemini’s ability to
understand and generate different creative text formats, like code comments or pseudocode,
could be harnessed to document the thought process and decision-making behind building
the DL model. This would not only enhance collaboration and knowledge sharing among
developers but also improve the transparency and interpretability of the model, crucial
aspects for trust and acceptance in the medical field.

Additionally, as the field of DL in medicine evolves, Gemini can continuously learn and
update its knowledge base, staying abreast of the latest advancements and contributing to
the development of increasingly accurate and reliable automated diagnosis tools, potentially
leading to earlier interventions and improved patient outcomes. It is important to note,
however, that Gemini’s role is not to replace human expertise but rather to augment it
by providing efficient information retrieval, exploration, and documentation capabilities,
ultimately accelerating the development and responsible application of DL solutions in
medical image analysis.

In the context of healthcare, the most important advantage of Gemini compared to
other similar models (like ChatGPT-40) is its capability to integrate and analyze diverse
data types. Combining images with text enhances the understanding of model decisions
for clinical trust. Gemini is being increasingly integrated into medical research, particularly
in the domain of automatic diagnosis from medical images, leveraging advanced DL
systems. This application involves training neural networks on large datasets of annotated
medical images, to recognize patterns indicative of various pathologies [14-16]. By utilizing
these models, Gemini assists researchers in interpreting complex visual data, providing
preliminary diagnoses, and suggesting potential areas of concern. The system’s ability to
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process and analyze vast amounts of image data rapidly enhances diagnostic accuracy and
efficiency, reducing the cognitive load on clinicians [14-16]. Furthermore, its integration
into diagnostic workflows supports real-time decision-making, enabling more personalized
and timely patient care. Ongoing research focuses on refining these DL models to improve
their sensitivity, specificity, and generalizability across diverse patient populations, while
addressing challenges related to data privacy, model interpretability, and the potential for
bias [8-10]. The continued development of Gemini-based diagnostic tools holds promise
for advancing the field of medical imaging and improving patient outcomes through more
precise and automated diagnostic processes [14-16].

This study addresses these challenges by introducing a novel Gemini-assisted Deep
Learning Classification Model (G-DLCM) for automated HREM image diagnosis. The
G-DLCM leverages the unique capabilities of the Gemini large language model (LLM) in
several ways: (a) data augmentation: Gemini helped us to improve the training data by
suggesting enhancements and supplying the sample code, resulting in a more comprehen-
sive and diverse dataset for better generalization and robustness; (b) feature engineering:
the LLM utilizes its extensive expertise in medical terminology and esophageal physiology
to select the most suitable ML models for extracting useful features from HREM data. It
suggests the usage of CNN models which have inbuilt feature engineering capabilities;
the DL model then uses these features to improve pattern recognition and categorization
accuracy; (c) explainable AI (XAI): Gemini assisted our team in selecting the most ap-
propriate algorithm for interpreting image classification results generated by DL models.
Based on the prompts and the problem requirements, Gemini selected the LIME algorithm
and provided code samples that can be used to translate complex DL model outputs into
insights interpretable by clinicians, fostering trust and acceptance in the G-DLCM. For this
reason, the aim of this study was to assess the feasibility of a Gemini-assisted DL model for
automated HREM image classification. We evaluated the model’s accuracy, sensitivity, and
specificity in disease diagnosis, aiming to establish its potential for improving diagnostic
efficiency and accuracy.

2. Materials and Methods
2.1. Data Collection

The database of HREM from our manometry department was used for this study and
the images were collected between October 2014 and February 2021. The database contained
records from symptomatic patients, referred to manometry for esophageal symptoms like
dysphagia, chest pain, heartburn, or regurgitation. The protocol of examination, the
algorithm, and the classification of EMDs, was based on Chicago v3.0 recommendations,
which were in use at the time. The protocol included an EG]J baseline recording of 2 min,
followed by ten 5 mL wet swallows, spaced at more than 30 s. Manometry was performed
early in the morning, after at least 6 h of fasting, in the supine position with the thorax
angulated at 30°. The manometry system used was commercialized by ISOLAB (Standard
Instruments GmbH, Karlsruhe, Germany) and used a solid-state catheter with 36 sensors
(Unisensor®, Zurich, Switzerland).

The images were selected and labeled by two specialists (T.S.B. and S.L.P.) from the
same department. In cases of disagreement, the images were labeled in collaboration
with two analog specialists from another department (G.C., E.V.S.). All images were
classified based on Chicago version 3.0 criteria. The software enables the storing of photos
representing 60 s of the recording. The test swallows were marked by a white vertical
line (placed during the recording), and the swallow that followed just after this white line
was labeled by the human experts. All the swallows contained no other markers (i.e., for
esophageal sphincters) and were therefore raw swallows. The dataset contained a total of
926 images belonging to seven classes (see examples in Figure 1). Each test swallow was
classified and labeled in one of the following categories, irrespective of IRP value, based on
the aspect (which refers to contraction vigor, contraction patterns, or intrabolus pattern)
observed in the esophageal body:
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- Normal peristalsis—swallows without large breaks (>5 cm), with a normal distal
latency (>4.5 s) and a normal contraction vigor, as measured by a distal contractile
integral (DCI) between 450 and 8000 mmHg-s-cm;

- DCT higher than 8000 for all swallows, with DCI > 8000 mmHg-s-cm; therefore, this is
classified by human experts as hypercontractile swallows;

- Fragmented contractions—contractions with DCI > 450 mmHg-s-cm, but with large
break (>5 cm length) in the 20 mmHg isobaric contour;

- Weak contractions—contractions with DCI > 100 mmHg-s-cm but <450 mmHg-s-cm;

- Premature contractions—contractions with DL < 4.5 s and DCI > 450 mmHg-s-cm;

- Panesophageal pressurization—for swallows followed by a uniform pressurization of
>30 mmHg extending from the upper to the lower esophageal sphincter;

- Failed peristalsis—contractions with DCI < 100 mmHg-s-cm.

Weak contraction  Premature contraction Panesophageal
pressurization

Figure 1. Examples of swallowing pattern classes. In high resolution manometry images blue colour
represents areas with very low pressure (arround 0 mmHg, such as observed in the thorax). The
upper and the lower esophageal sphincter, as well as the contraction of the esophageal body after a
swallow determine higher pressure zones and are coded in yellow, red or dark red, depending on the
value of the recored pressure.

Our department is a referral center for achalasia patients; hence, we had many images
classified as failed peristalsis or panesophageal pressurization. Unfortunately, the classes
were not well balanced, containing 139 images of normal peristalsis, 21 of DCI higher than
8000, 58 of fragmented contractions, 54 of weak contractions, 27 of premature contractions,
390 of panesophageal pressurization, and 237 images of failed peristalsis. To solve this issue,
we used traditional data augmentation techniques, like random cropping, scaling, etc.

2.2. Gemini Assistance

Gemini offered advice on preprocessing procedures, including scaling, normalizing
pixel values, and using data augmentation techniques. It aided in selecting the best network
design, algorithm, and model optimization, recommending appropriate hyperparameters
and troubleshooting code-related problems to ensure efficient development. It also helped
us explain the results of the trained model by suggesting the most appropriate algorithms
and enabling us to apply the selected algorithm to the results of the CNN model. Classifying
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swallowing disorders is one of the most important steps in diagnosing EMDs, but to obtain
the final class, we also need the classification of the integrated relaxation pressure, and
as the last step, we must combine these results by applying the Chicago classification
algorithm.

2.3. Experimental Setup

We used the TensorFlow [17] library to implement and train a machine learning model.
The model’s training was conducted on a local computer with 32 GB of RAM, an Intel
i710750H CPU running at 2.60 GHz with 6 cores and 12 logical processors and a GPU of
type Nvidia Tesla K80 with 12 GB VRAM, manufactured by HP in Palo Alto, CA, USA. We
adhered to Gemini’s suggestions for developing the model, including the essential libraries
and packages for our DL model.

2.4. Gemini-Aided Creation of a DL Model for HREM Image Classification

First, we asked Gemini to explain the steps for classifying medical images belonging
to multiple classes. The given steps were the following:

(1) Data acquisition and preprocessing—Acquire a comprehensive library of high-resolution
manometry photos from diverse sources such as hospitals and research databases to
guarantee broad applicability. Implement domain-specific preprocessing techniques
such as eliminating background noise and standardizing image dimensions to enhance
model performance.

(2) Feature extraction—Utilize convolutional neural networks (CNNs) to extract distinc-
tive features from unprocessed photos automatically. To enhance performance and
decrease training duration, use pre-trained CNN models such as VGGNet [18] or
ResNet [19], which are fine-tuned for your task.

(3) Model selection and training—Choose a multi-class classification technique appro-
priate for the size of your dataset, the types of features present, and the performance
metrics you aim to achieve. Partition your dataset into training (70%), validation
(20%), and test (10%) subsets to avoid overfitting and guarantee impartial evaluation.

(4) Evaluate and refine—Assess the model’s performance using relevant metrics like
accuracy, precision, recall, F1-score, and confusion matrix.

(5) Deployment and impact—Create a user-friendly interface for clinicians to use the
model and understand its predictions. Perform prospective studies to verify the
model’s effectiveness in actual clinical environments.

In the following steps, we asked Gemini to give us example implementations for each
step enumerated above. Based on the swallowing patterns, the available images were
manually moved to separate folders. As Gemini suggested, we also split the whole dataset
into three subsets, so we created a training folder containing approximately 70% of the
images and two other folders for validation (20%) and testing (10%). We imported the
images using the Image Data Generator class from tensorflow.keras.preprocessing.image. The
images were resized to 1/255, which converted the pixel values to the [0, 1] interval. This
preprocessing step is crucial because most currently available CNN models work with
values between 0 and 1. In the model creation stage, we used transfer learning. Based on
the problem description, Gemini suggested the usage of EfficientNet [20] trained on the
ImageNet [21] dataset by retraining its fully connected layers for our problem. We added
our own fully connected layer consisting of one layer with 256 neurons and one with 7 for
the seven different swallowing pattern classes we want to classify: aperistalsis, hypertensive
contractions (DCI over 8000), fragmented, weak, panesophageal pressurization, premature
contractions, and normal peristalsis. Example images for each of these classes can be seen
in Figure 1.

A dropout rate of 0.5 was added to ensure the model did not overfit. Moreover, the
model was finetuned by gradually unfreezing a subset of the neural layers of the base
model and retraining it multiple times. The architecture of the created CNN model is seen
in Figure 2. In the training phase, we utilized the Adam [22] optimizer, a widely used
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and efficient technique for DL applications. The model was compiled using the Adam
optimizer, categorical cross-entropy loss function, and categorical accuracy metric. We
trained the model for 250 epochs with no finetuning, then five times for another 20 epochs
using finetuning, and then we gradually retrained 20 extra layers in each step.

input_2 input: | [(None, 224, 224, 3)]
InputLayer | output: | [(None, 224, 224, 3)]

h J
tf. math.truediv | input: | (None, 224, 224, 3)

TFOpLambda | output: | (None, 224, 224, 3)

Y
tf.nn.bias_add | input: | (None, 224, 224, 3)

TFOpLambda | output: | (None, 224, 224, 3)

Y
tf.math.ttuediv_1 | input: | (None, 224, 224, 3)

TFOpLambda output: | (None, 224, 224, 3)

'

efficienmetb0 | input: | (None, 224, 224, 3)
Functional output: | (None, 7, 7, 1280)

Y
global average pooling2d | input: | (None, 7, 7, 1280)

GlobalAveragePooling2D | output: (None, 1280)

Y
dropout | input: | (None, 1280)

Dropout | output: | (None, 1280)

'

dense | input: | (None, 1280)

Dense | output: (None, 7)

Figure 2. The architecture of the CNN model used for HREM image classification.

3. Results
3.1. Model Performance

The model’s performance demonstrates noteworthy outcomes across different metrics.
The model’s accuracy, a key metric of its overall quality, is 0.88. Our model accurately
predicted 88% of the test data instances, demonstrating high reliability. Table 1 presents
the average performance metrics for the testing set. We assessed the model’s performance
post-training using accuracy, precision, recall, and F1-score metrics. Figure 3 displays
a confusion matrix, providing a detailed analysis of the model’s performance for each
studied swallowing disorder class. Table 2 shows a detailed overview of the performance
metrics, showing the results separately for each class. As we can see in this table, the best
performances were obtained for the panesophageal pressurization, premature contractions
and fragmented contractions classes with an F1-score of 100%, while the worst classification
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metrics were obtained in the case of the weak class. This class overlaps with most of
the other classes, which makes the classification task very hard. In the last step, we
experimented with multiple algorithms to explain the results generated by the trained
model. The selected algorithm for CNN result explainability will be described in the
following section.

Table 1. Classification report for swallowing disorders.

Metric Result
Accuracy 0.88
Precision 0.89

Recall 0.88
Fl-score 0.885

Confusion Matrix

9
Aperistalsis - 0 0 1 0 0
8
Panesophageal pressurization 0 - 0 0 0 0

Premature contractions 0 0 2 0 0 0

Weak 1 0 0 2 0 0

Fragmented contractions 0 (0] 0 0 - 0

DCI higher than 8000

True Class

o
o
o
o
o
=

Failed peristalsis

Aperistalsis
Weak

o
o
I
o
Failed peristalsis ' o [=] — [=] o o
1 1
o =

Premature contractions
Fragmented contractions
DCI higher than 8000

Panesophageal pressurization

Predicted Class

Figure 3. Confusion matrix for esophageal body contraction patterns.

Table 2. Classification metrics for each swallowing disorder class.

Precision Recall F1-Score

0 0.80 0.80 0.80

1 1.00 1.00 1.00

2 1.00 1.00 1.00

3 0.50 0.50 0.50

4 1.00 1.00 1.00

5 1.00 1.00 1.00

6 0.90 0.90 0.90

accuracy 0.88
macro avg 0.89 0.89 0.89
weighted avg 0.88 0.88 0.88

3.2. Interpreting the Outcomes

LIME [23] heatmaps were used to display the characteristics and patterns learned by
the CNN. Heatmaps validate the algorithm’s accurate identification of the swallow event’s lo-
cation in the image for feature extraction, classification, and decision-making (Figures 4 and 5).
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VA,

Figure 4. Original image to classify.

0

50

100

150

200

0 50 100 150 00

Figure 5. Mask generated by LIME. Different colors show different levels of feature importance.

As shown in the above mask, the model focused on the lower part of the image, which
is important because it contains multiple important features and parameters (e.g., the
integrated relaxation pressure). In addition, the mask focused on the region highlighted in
green in Figure 6, which contains precise timing of swallowing. This demonstrates that the
model is focusing on the right regions from the images when classifying the swallowing
patterns.
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50

100

150

Figure 6. The exact moment of swallowing found automatically by the trained model, marked by the
green square.

The LIME algorithm aims to understand the model by altering the input data and
analyzing the impact of these modifications on the predictions. The concept involves
partitioning the image into super-pixels, which are clusters of adjacent pixels that share
similar color and brightness. This strategy is plausible because the classification of an image
is likely influenced by numerous pixels; therefore, altering a single pixel would have little
effect on the forecast. Next, we constructed a collection of perturbed photos by replacing
certain image super-pixels with gray super-pixels. We obtained a probability for each of
these altered photos, indicating the presence of the target class according to the model. We
further trained a basic linear model that is weighted to prioritize perturbed images that
closely resemble the original image. Finally, we displayed the super-pixels with the highest
weights on the original image to provide an explanation and generate the image mask.
In simple words, a LIME heatmap is like a highlighter for the model’s decision. It shows
which parts of the data were the most important in making the prediction. Brighter colors
mean the model paid more attention to that area when it made its prediction.

4. Discussion

Our work aimed to create a strong and precise DL model with the help of Gemini to
analyze patterns recorded by HREM in different EMD. Furthermore, we aimed to improve
the diagnostic accuracy of HREM for esophageal motility disorders by reducing differences
in diagnoses among practitioners with varying levels of training and experience [5]. The
use of Al in the case of unclear swallowing images has been reported to enhance diagnostic
precision, assist in decision-making, decrease unnecessary invasive treatments, and support
personalized therapeutic approaches.

This study’s innovation was fully using the Gemini language model to develop our
DL model. We chose Gemini because of its multimodal capabilities, because of which we
could use images, and not just a textual explanation of the problem, as input; this way; it
gave us more precise and problem-specific answers and not just general guidance. We used
the multimodal capabilities for guidance, but the final solution was achieved by unimodal
DL models, more specifically by convolutional neural networks, which are specialized in
image classification; hence, the results were more precise than using a general model in a
specific context.

By leveraging Gemini’s features, we optimized the development process, achieving
a high accuracy of 88%. This indicates that Gemini was instrumental in enhancing the
model. Additionally, using Gemini promoted transparency and reproducibility, poten-
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tially reducing doctors” and nurses” workload and improving diagnostic accuracy. The
study is unique and robust due to its novel integration of traditional medical imaging
methods with cutting-edge Al This is the first time Gemini has been used in this way,
significantly improving EMD. Gemini also assisted us in making key decisions, such as
selecting the algorithm. The analysis provided insights into the optimal network structure
for our research and detailed different choices with thorough explanations. Using different
evaluation metrics, including accuracy, precision, recall, F1-score, and confusion matrix,
provides a comprehensive evaluation of the model’s performance. Using LIME heatmaps
to reveal the model’s decision-making process demonstrates a dedication to transparency
and interpretability, which is crucial for building trust among clinicians and patients. The
integration streamlined the model creation process and improved efficiency.

We utilized a CNN as the DL framework for our research, based on guidance from
Gemini. CNNs necessitate notably less preprocessing in comparison to other classification
techniques. Unlike conventional approaches, CNNs may autonomously learn filters or
features without manually constructing filters. We used regularization techniques like
dropout and weight decay to tackle overfitting. Early stopping is a regularization method
used in deep neural networks to halt training when parameter updates cease to provide
improvements on a validation set. The strategy involves storing and updating the best
parameters during training. Training finishes when parameter updates no longer increase
performance after a specified number of iterations and the last best values are used. This
functions as a regularizer by confining the optimization process to a reduced parameter
space. Gemini provided tremendous assistance by offering suggestions in this way. By op-
timizing functions such as dropout, weight decay, and L2 regularization, the generalization
potential of our model was dramatically enhanced. Comprehending the decision-making
process of DL models is essential in healthcare settings to establish trust and promote using
Al-assisted models. Techniques like Grad LIME [23], SHAP [24], or CAM [25] can be used
to improve the interpretability and explainability of a model, ensuring that its predictions
are consistent with human expert knowledge.

We utilized LIME heatmaps, as recommended by Gemini, to gain significant insights
into our model’s decision-making process. LIME provides a graphical representation of
complex DL models. This strategy enables a more profound comprehension of models
during detection or prediction tasks. We confirmed the model’s attention to pertinent
features by visualizing the informative sections of the photos. This method helps to
enhance the interpretability and explainability of DL models.

Gemini not only helped with the technical aspects of developing DL models but also
played a crucial role in resolving code-related issues during our study. The challenges
included resolving syntax mistakes, addressing problems related to data processing and
data formatting, and implementing multiple deep learning libraries and frameworks.
Gemini played a crucial role in fixing issues related to incorporating TensorFlow and
Keras [26] into our DL model. We used it to detect and rectify flaws in our model’s
structure, use optimization techniques, and configure hyperparameters. Gemini assisted
us in determining the most efficient methods for data augmentation, normalization, and
encoding. We asked Gemini about the best way to augment our dataset and it provided
multiple sample code snippets that we could use to create new images based on the existing
dataset. The data augmentation techniques that we used are random cropping of the edges
and scaling. It also suggested to use conditional GANs or variational autoencoders to
generate new realistic data, but in our case, it was enough to only apply traditional data
augmentation techniques. Trying these more advanced data augmentation DL models can
be a good candidate for future work to increase the precision of the trained CNN.

One of the limitations of Gemini is that it sometimes generates code that is not directly
executable, containing logical bugs or syntactic errors. Furthermore, it can use nonexistent
methods from different libraries. Another issue is that it does not consider the library
version, so it generates code that uses functions from diverse and incompatible versions.
Because of these concerns, a highly experienced specialist must review and adjust the
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code to make it runnable. At this level, Gemini represents a valuable coding assistant. It
can reduce the time needed to develop a new algorithm or train a new model but cannot
resolve a problem end-to-end without human coordination. Another concern is that we
have limited transparency of Gemini’s training data, which means we cannot know if
the generated code is an exact copy or a modified replica of code written by someone
else, which limits its usage in commercial products. By incorporating a multidisciplinary
strategy with domain experts and machine learning professionals, the development process
may become rigorous and free from biases. Using Gemini, we can reduce the development
cost by reducing the number of specialists working on a problem or a project. Still, we
cannot eliminate human input, so domain specialists and programmers are still relevant in
innovative work.

In our previous studies, we developed an Al system to automate HREM diagno-
sis. The system recognized correct probe positioning with high accuracy, as well as dis-
criminating IRP levels and identifying esophageal peristalsis patterns using the Chicago
algorithm [27-29].

A review by Fass et al. showed that Al can automate the interpretation of image-based
esophageal tests, particularly high-resolution manometry (HRM) and functional luminal
imaging probe (FLIP) studies, with high accuracy in identifying landmarks, determining
HRM adequacy, and distinguishing achalasia from non-achalasia patterns [27], but Al
applications are less advanced in ambulatory reflux monitoring due to data assimilation
challenges from multiple impedance and pH channels [27].

The integration of Al into medical imaging has witnessed transformative strides,
demonstrating significant capabilities in disease detection, characterization, and prognos-
tication. Notably, the application of Al in radiology, pathology, and cardiology has set a
precedent for its potential in enhancing diagnostic accuracy and expediting patient care. In
the context of esophageal motility disorders, the fusion of Al and HREM holds promise in
changing the diagnostic landscape [28-30].

Machine learning algorithms, particularly those based on deep neural networks,
excel at learning intricate patterns from large datasets. By training these algorithms on
annotated HREM images, it becomes feasible to automate the recognition and classification
of nuanced pressure patterns indicative of esophageal motility disorders. The ability of
Al to process information swiftly and consistently offers a compelling solution to the
challenges associated with manual HREM analysis.

While the concept of automated diagnosis in esophageal manometry is still in its
infancy, pioneering research endeavors have laid the groundwork for its potential imple-
mentation. Studies exploring the feasibility of Al in HREM interpretation have demon-
strated promising results in the identification of abnormal pressure patterns associated
with various esophageal motility disorders.

However, challenges persist, including the need for large and diverse datasets for
robust algorithm training, validation, and testing. Additionally, the generalizability of Al
models across different patient populations and the incorporation of real-time diagnostic
capabilities into clinical workflows remain areas warranting further investigation.

DL techniques offer promising potential in automating HREM image diagnosis by
analyzing HREM tracings [31-33]. While existing DL models show promise, challenges
remain: limited annotated HREM data hinder generalizability, the inherent complexity of
HREM data poses challenges for model development and interpretation, and the lack of
explainability in DL models limits clinical adoption.

The successful development and validation of the G-DLCM can have significant
implications for gastroenterology practice. They can be summarized as follows: (a) im-
proved diagnostic accuracy and efficiency: automated EMD diagnosis using the G-DLCM
can provide faster and more objective results, potentially reducing diagnostic errors and
delays; (b) enhanced accessibility and affordability: the model can be deployed in resource-
constrained settings, improving diagnostic capabilities, and reducing healthcare costs; also,
the development costs can be reduced by using Gemini as a coding assistant; (c) support
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for clinical decision-making: by providing accurate and interpretable predictions, the G-
DLCM can empower clinicians to make informed decisions regarding treatment options
and patient management.

CNNs, like those used in this work, are powerful tools, but their effectiveness is
heavily reliant on the quality and consistency of the data they are trained on. Problems
can arise when human labelers have different understandings of categories, leading to
inconsistent labels for the same data point or human errors in image labeling can mislead
the model. Also, imbalanced data can have a negative impact on the per class precision.
During the training, the model could focus only on the classes with an abundance of images
and neglect the classes with few examples. This is why choosing the right metrics is also
critical when working with machine learning models. For example, the models have a
lower precision in the case of the weak class, which can be explained by the small number
of exiting images used for training and by inter-class similarity.

Developing a machine learning model to classify esophageal motility disorder images
is a significant step towards improving diagnosis accuracy and efficiency. However, to
realize the full potential of the model, it is crucial to integrate it into an end-to-end clinical
workflow. This integration ensures seamless interaction between the model and healthcare
professionals, leading to improved patient care. But this integration requires high effort,
because the algorithm must comply with multiple regulatory standards. Data should
be handled securely, the algorithm requires explainability, and it also involves high of
costs, like developing a user-friendly and intuitive interface. Additionally, the training of
healthcare professionals, continuous improvement, and feedback must be integrated, etc.

5. Conclusions

Our research emphasizes the capability of Al-supported DL models, such as those
created using Gemini, in medical image interpretation.

In this work, we used Gemini as a coding assistant, and it gave us valuable answers
and guidance on solving the problem of classifying HREM images. Using the code samples
provided by Gemini, we were able to build and train a highly accurate model for classifica-
tion and we used the LIME algorithm to explain the results generated by the trained CNN
model.

Using Gemini to create HREM image classification DL model is a novel approach, and
the results obtained demonstrate the efficiency and the usability of this LLM in healthcare
and in the development of new DL/ML models.

The obtained classification model may assist doctors and motility labs in their everyday
work, minimize the variability between observers, and save money and time on repeated
duties. The usage of Gemini has the potential of reducing development costs by decreasing
the number of hours needed by a programmer to build and train novel DL/ML models.

Author Contributions: S.L.P, T.S.-B., Z.C., D.C.L. and L.Z. conceived this study and designed the
methodology. T.S.-B. and L.D. collected the data acquisition. T.S.-B., G.C. and E.V.S. analyzed the
tracing of HREM. S.L.P,, T.S.-B., A.L. and I.Z. created the image database. S.L.P, T.S.-B., Z.C., V.D.B.
and D.C.T. drafted the manuscript. D.L.D., G.C., EVS,, LD., D.C.L,, Al and A.V.P. wrote the
manuscript and revised it critically for important intellectual content. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Ethics approval was waived on 19 April 2021, registered
with the number 11900/27.04.2021.

Informed Consent Statement: Patients’ consent was waived due to the following reasons: this was a
retrospective research; it used an anonymized image database; the survey contained no sensitive or
personal topics likely to cause emotional or physical stress to study participants; this study did not
place research subjects at risk of legal liability or damage to their financial standing, employability, or
reputation.



Medicina 2024, 60, 1493 13 of 14

Data Availability Statement: Data are available on request due to restrictions, e.g., privacy or ethical.
The data are not publicly available due to the sensitive nature of medical data.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.
27.

Fox, M.R.; Sweis, R.; Yadlapati, R.; Pandolfino, J.; Hani, A.; Defilippi, C.; Jan, T.; Rommel, N. Chicago Classification Version
4.00 Technical Review: Update on Standard High-Resolution Manometry Protocol for the Assessment of Esophageal Motility.
Neurogastroenterol. Motil. 2021, 33, e14120. [CrossRef] [PubMed]

Pandolfino, J.E.; Fox, M.R.; Bredenoord, A.J.; Kahrilas, P.J. High-Resolution Manometry in Clinical Practice: Utilizing Pressure
Topography to Classify Oesophageal Motility Abnormalities. Neurogastroenterol. Motil. 2009, 21, 796-806. [CrossRef] [PubMed]
Bogte, A.; Bredenoord, A.].; Oors, J.; Siersema, P.D.; Smout, A.J. Reproducibility of Esophageal High-Resolution Manometry.
Neurogastroenterol. Motil. 2011, 23, e271-e276. [CrossRef]

Masalkhi, M.; Ong, J.; Waisberg, E.; Lee, A.G. Google DeepMind’s Gemini Al Versus ChatGPT: A Comparative Analysis in
Ophthalmology. Eye 2024, 38, 1412-1417. [CrossRef]

Kim, J.H,; Kim, S.E.; Cho, YK,; Lim, C.H.; Park, M.I,; Hwang, ] W,; Jang, ].S.; Oh, M.; Motility Study Club of Korean Society
of Neurogastroenterology and Motility. Factors Determining the Inter-Observer Variability and Diagnostic Accuracy of High-
Resolution Manometry for Esophageal Motility Disorders. |. Neurogastroenterol. Motil. 2018, 24, 506. [CrossRef] [PubMed]
Ayazi, S.; Hagen, ].A.; Zehetner, ].; Ross, O.; Wu, C.; Oezcelik, A.; Abate, E.; Sohn, H.J.; Banki, E; Lipham, J.C,; et al. The Value of
High-Resolution Manometry in the Assessment of the Resting Characteristics of the Lower Esophageal Sphincter. J. Gastrointest.
Surg. 2009, 13, 2113-2120. [CrossRef]

Cohen, D.L.; Shirin, H. Technical Success in Performing Esophageal High-Resolution Manometry: A Review of Competency
Recommendations, Predictors of Failure, and Alternative Techniques. Dis. Esophagus 2023, 36, doad(013. [CrossRef]

Yadlapati, R. High-Resolution Esophageal Manometry: Interpretation in Clinical Practice. Curr. Opin. Gastroenterol. 2017, 33,
301-309. [CrossRef]

Perera, P,; Lankathilaka, M. Preparing to Revolutionize Education with the Multi-Model GenAlI Tool Google Gemini? A Journey
towards Effective Policy Making. ]. Adv. Educ. Philos. 2023, 7, 246-253. [CrossRef]

Saeidnia, H.R. Welcome to the Gemini Era: Google DeepMind and the Information Industry. Libr. Hi Tech. News 2023. [CrossRef]
Kabhrilas, PJ.; Bredenoord, A.J.; Fox, M.; Gyawali, C.P; Roman, S.; Smout, A.J.; Pandolfino, J.E.; International High Resolution
Manometry Working Group. The Chicago Classification of Esophageal Motility Disorders, v3.0. Neurogastroenterol. Motil. 2015,
27,160-174. [CrossRef] [PubMed]

Ankit, P; Malaikannan, S. Gemini Goes to Med School: Exploring the Capabilities of Multimodal Large Language Models on
Medical Challenge Problems & Hallucinations. arXiv 2024. [CrossRef]

Li, Z.; Liu, E; Yang, W,; Peng, S.; Zhou, J. A Survey of Convolutional Neural Networks: Analysis, Applications, and Prospects.
IEEE Trans. Neural Netw. Learn. Syst. 2022, 33, 6999-7019. [CrossRef]

Mihalache, A.; Grad, J.; Patil, N.S.; Huang, R.S.; Popovic, M.M.; Mallipatna, A.; Kertes, PJ.; Muni, R.H. Google Gemini and Bard
artificial intelligence chatbot performance in ophthalmology knowledge assessment. Eye 2024, 38, 2530-2535. [CrossRef]

Alhur, A. Redefining Healthcare With Artificial Intelligence (AI): The Contributions of ChatGPT, Gemini, and Co-pilot. Cureus
2024, 16, €57795. [CrossRef]

Shukla, R.; Mishra, A.K.; Banerjee, N.; Verma, A. The Comparison of ChatGPT 3.5, Microsoft Bing, and Google Gemini for
Diagnosing Cases of Neuro-Ophthalmology. Cureus 2024, 16, e58232. [CrossRef]

Pang, B.; Nijkamp, E.; Wu, Y.N. Deep Learning with TensorFlow: A Review. . Educ. Behav. Stat. 2020, 45, 227-248. [CrossRef]
Wen, L.; Li, X,; Li, X.; Gao, L. A New Transfer Learning Based on VGG-19 Network for Fault Diagnosis. In Proceedings of the
2019 IEEE 23rd International Conference on Computer Supported Cooperative Work in Design (CSCWD), Porto, Portugal, 6-8
May 2019; pp. 205-209. [CrossRef]

Targ, S.; Almeida, D.; Lyman, K. ResNet in ResNet: Generalizing Residual Architectures. arXiv 2016. [CrossRef]

Koonce, B. EfficientNet. In Convolutional Neural Networks with Swift for Tensorflow: Image Recognition and Dataset Categorization;
Apress: New York, NY, USA, 2021; pp. 109-123. [CrossRef]

Beyer, L.; Oliver, J.; Kolesnikov, A.; Zhai, X.; Oord, A. Are We Done with ImageNet? arXiv 2020. [CrossRef]

Bock, S.; Goppold, J.; Weif$, M. An Improvement of the Convergence Proof of the ADAM-Optimizer. arXiv 2018. [CrossRef]
Dowling, A.; O'Dwyer, J.; Adley, C.C. Lime in the Limelight. . Clean. Prod. 2015, 92, 13-22. [CrossRef]

Antwarg, L.; Miller, R.M.; Shapira, B.; Rokach, L. Explaining Anomalies Detected by Autoencoders Using SHAP. arXiv 2019.
[CrossRef]

Selvaraju, R.R.; Das, A.; Vedantam, R.; Cogswell, M.; Parikh, D.; Batra, D. Grad-CAM: Why Did You Say That? arXiv 2016.
[CrossRef]

Ketkar, N. Introduction to Keras. Deep. Learn. Python 2017, 7, 97-111. [CrossRef]

Fass, O.; Rogers, B.D.; Gyawali, C.P. Artificial Intelligence Tools for Improving Manometric Diagnosis of Esophageal Dysmotility.
Curr. Gastroenterol. Rep. 2024, 26, 115-123. [CrossRef]


https://doi.org/10.1111/nmo.14120
https://www.ncbi.nlm.nih.gov/pubmed/33729668
https://doi.org/10.1111/j.1365-2982.2009.01311.x
https://www.ncbi.nlm.nih.gov/pubmed/19413684
https://doi.org/10.1111/j.1365-2982.2011.01713.x
https://doi.org/10.1038/s41433-024-02958-w
https://doi.org/10.5056/jnm17064
https://www.ncbi.nlm.nih.gov/pubmed/29969864
https://doi.org/10.1007/s11605-009-1042-0
https://doi.org/10.1093/dote/doad013
https://doi.org/10.1097/MOG.0000000000000369
https://doi.org/10.36348/jaep.2023.v07i08.001
https://doi.org/10.1108/LHTN-12-2023-0214
https://doi.org/10.1111/nmo.12477
https://www.ncbi.nlm.nih.gov/pubmed/25469569
https://doi.org/10.48550/arXiv.2402.07023
https://doi.org/10.1109/TNNLS.2021.3084827
https://doi.org/10.1038/s41433-024-03067-4
https://doi.org/10.7759/cureus.57795
https://doi.org/10.7759/cureus.58232
https://doi.org/10.3102/1076998619872761
https://doi.org/10.1109/CSCWD.2019.8791884
https://doi.org/10.48550/arXiv.1603.08029
https://doi.org/10.1007/978-1-4842-6168-2
https://doi.org/10.48550/arXiv.2006.07159
https://doi.org/10.48550/arXiv.1804.10587
https://doi.org/10.1016/j.jclepro.2014.12.047
https://doi.org/10.48550/arXiv.1903.02407
https://doi.org/10.48550/arXiv.1611.07450
https://doi.org/10.1007/978-1-4842-2766-4_7
https://doi.org/10.1007/s11894-024-00921-z

Medicina 2024, 60, 1493 14 of 14

28.

29.

30.

31.

32.

33.

Kou, W.; Soni, P; Klug, M.-W.; Etemadi, M.; Kahrilas, PJ.; Pandolfino, J.E.; Carlson, D.A. An Artificial Intelligence Platform Provides
an Accurate Interpretation of Esophageal Motility from Functional Lumen Imaging Probe Panometry Studies. Neurogastroenterol.
Motil. 2023, 35, €14549. [CrossRef]

Kou, W.; Carlson, D.A.; Baumann, A.].; Donnan, E.N.; Schauer, ].M.; Etemadi, M.; Pandolfino, J.E. A Multi-Stage Machine
Learning Model for Diagnosis of Esophageal Manometry. Artif. Intell. Med. 2022, 124, 102233. [CrossRef]

Kou, W,; Galal, G.O.; Klug, M.W.; Mukhin, V,; Carlson, D.A.; Etemadi, M.; Kahrilas, PJ.; Pandolfino, ].E. Deep Learning-Based
Artificial Intelligence Model for Identifying Swallow Types in Esophageal High-Resolution Manometry. Neurogastroenterol. Motil.
2022, 34, €14290. [CrossRef]

Popa, S.L.; Surdea-Blaga, T.; Dumitrascu, D.L.; Chiarioni, G.; Savarino, E.; David, L.; Ismaiel, A.; Leucuta, D.C.; Zsigmond, I.;
Sebestyen, G.; et al. Automatic Diagnosis of High-Resolution Esophageal Manometry Using Artificial Intelligence. J. Gastrointestin.
Liver Dis. 2022, 31, 383-389. [CrossRef]

Surdea-Blaga, T.; Sebestyen, G.; Czako, Z.; Hangan, A.; Dumitrascu, D.L.; Ismaiel, A.; David, L.; Zsigmond, I.; Chiarioni, G.;
Savarino, E.; et al. Automated Chicago Classification for Esophageal Motility Disorder Diagnosis Using Machine Learning.
Sensors 2022, 22, 5227. [CrossRef]

Czako, Z.; Surdea-Blaga, T.; Sebestyen, G.; Hangan, A.; Dumitrascu, D.L.; David, L.; Chiarioni, G.; Savarino, E.; Popa, S.L.
Integrated Relaxation Pressure Classification and Probe Positioning Failure Detection in High-Resolution Esophageal Manometry
Using Machine Learning. Sensors 2021, 22, 253. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1111/nmo.14549
https://doi.org/10.1016/j.artmed.2021.102233
https://doi.org/10.1111/nmo.14290
https://doi.org/10.15403/jgld-4525
https://doi.org/10.3390/s22145227
https://doi.org/10.3390/s22010253
https://www.ncbi.nlm.nih.gov/pubmed/35009794

	Introduction 
	Materials and Methods 
	Data Collection 
	Gemini Assistance 
	Experimental Setup 
	Gemini-Aided Creation of a DL Model for HREM Image Classification 

	Results 
	Model Performance 
	Interpreting the Outcomes 

	Discussion 
	Conclusions 
	References

