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Abstract:

Medical care is a vital component of human life, closely
linked to safeguarding health and treating diseases. In the
article, the current situation of the integration of artificial
intelligence and medical care is reviewed. This direction
was chosen because contemporary artificial intelligence is
undergoing rapid development, and the field of artificial
intelligence has huge development potential and can
be considered to assist doctors in medicine. During the
research process, by classifying diseases, this study
collected models or some existing research findings that
have been developed by artificial intelligence for medical
treatment in different disease fields in recent years and
analyzed them to summarize the current combination of
medical treatment and artificial intelligence. degree of
development. In the study, it was found that there are still
some hidden dangers in the combination of contemporary
artificial intelligence and medical care, such as poor
applicability, distribution differences, and easy leakage of
patient privacy information. And collected some possible
solutions to these problems.
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1. Introduction

misdiagnosis cannot be ignored. In the face of in-
creasing medical needs, it is challenging to meet the

Medical care is an indispensable part of human life,
and it is directly related to human health security and
disease treatment. However, traditional diagnostic
modalities have many limitations. For example, tra-
ditional diagnostics are often inefficient and highly
dependent on the expertise and clinical experience of
medical staff, resulting in high labor costs. In addi-
tion, due to the influence of the doctor’s experience,
fatigue level, and other external factors, the risk of
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requirements of modern society with traditional diag-
nostic methods alone. Therefore, it is particularly im-
portant to introduce new auxiliary diagnostic technol-
ogies. As a rapidly developing technology, Artificial
Intelligence (Al) has shown great potential. Through
the accumulation and training of large amounts of
data, Al can not only efficiently extract key features
in data, but also make accurate predictions and anal-



ysis based on these features. In the medical field, artificial
intelligence can assist doctors to make more accurate
diagnoses, improve the efficiency and accuracy of diagno-
sis, reduce the burden on doctors, and reduce the rate of
misdiagnosis, so it can be considered to be combined with
medical diagnosis.

In recent years, remarkable progress has been made in
the field of artificial intelligence, and various represen-
tative algorithms have emerged and been widely used.
Algorithms such as decision trees, random forests, neural
networks have shown their powerful capabilities and po-
tential in many fields. For example, Google’s DeepMind
team has developed an Al system that can match or sur-
pass radiologists when analyzing X-rays for breast cancer
screening. Through a large amount of training data, the
system learns how to identify subtle anomalies in images,
thereby effectively improving the accuracy of diagnosis
and reducing the rate of misdiagnosis [1]. IBM Watson for
Oncology uses artificial intelligence technology to pro-
vide personalized treatment recommendations for cancer
patients. By analyzing the patient’s electronic medical
record, genomic data, and relevant medical literature, the
system can provide doctors with a reference for a variety
of treatment options, and point out the basis and possible
efficacy of each option. This Al-based decision support
system can help doctors develop more precise treatment
strategies [2]. A machine-based model developed by Johns
Hopkins University is able to predict a patient’s risk of
sepsis early by analyzing their electronic health records
(EHRs). This model integrates a large amount of patient
data, including vital signs, laboratory results, etc., for re-
al-time analysis, so as to provide timely warning before
the occurrence of sepsis, help medical staff take early
intervention measures, and significantly improve the sur-
vival rate of patients [3]. Insilico Medicine uses artificial
intelligence for new drug discovery, especially in drug
molecule design. The company uses advanced Al technol-
ogies such as Generative Adversarial Networks (GANS)
to rapidly generate and screen potential drug molecules,
significantly reducing the time and cost of new drug de-
velopment. This approach has been successfully applied
in several therapeutic areas, including cancer and rare
diseases [4]. Thanks to the rapid development of this field
and its importance to humans, it is necessary to make a
comprehensive review of the application of Al technology
in medicine.

The paper is followed by methods, discussions, and con-
clusions, in which this paper describes the current appli-
cations of different products, describe their functions or
algorithms, discuss the current challenges in the field,
describe the shortcomings and future prospects, and sum-
marize the full text in the conclusion section.
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2. Method

2.1 The Introduction of Machine Learning
Workflow

The workflow of machine learning usually consists of the
following main steps: 1) Problem Definition and Data
Collection: Clarify what the problem the study would like
to solve, whether it’s classification, regression, clustering,
etc. Collect data related to the issue, which can come from
a variety of sources, such as databases, sensors, APIs, etc.
2) Data Preparation: Handles missing, duplicated, and
outliers in the collected data. And data preprocessing in-
cludes steps such as data standardization, normalization,
feature extraction, and feature selection to ensure that the
data is suitable for the input of the machine learning mod-
el. - Data segmentation: Typically divides the dataset into
a training set, validation set, and test set to evaluate the
performance of the model. 3) Choose the suitable model:
Choose the appropriate machine learning algorithm based
on the type of problem and the characteristics of the data,
such as linear regression, decision trees, Support Vector
Machines (SVMs), neural networks, etc. 4) Model Train-
ing: Train a selected machine learning model using the
training dataset to learn patterns and patterns in the data. 5)
Model Evaluation: Use validation sets or cross-validation
to evaluate the performance of the developed model, with
common evaluation metrics such as accuracy, precision,
recall, F1 score, etc. 6) Hyperparameter Tuning: Optimize
the performance of the model by adjusting the model’s
hyperparameters (e.g., learning rate, depth of the tree, reg-
ularization parameters, etc.), using methods such as grid
search, random search, etc. 7) Model Testing: Test the
final model with a test set to evaluate its performance on
unseen data to test the model’s generalization ability.

2.2 Cancer Diagnosis

2.2.1 Breast Cancer

Research teams at Google Health and DeepMind have
developed a deep learning model for analyzing mammo-
grams [5]. This model is based on a Convolutional Neural
Network (CNN) and is used for image classification tasks.
Model training uses thousands of labeled X-ray image
data.In the work, they first collected mammograms from
different hospitals and performed standardized processing,
including image size adjustment and grayscale normaliza-
tion. The radiologist labels abnormal areas such as masses
and calcifications in the image used as labels for the train-
ing set. Then they used the CNN model to extract features
by inputting image data and use the annotated data to train
the classification model.
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2.2.2 Lung Cancer

Google Health has developed a deep learning-based lung
cancer detection model applied to the analysis of low-dose
CT (LDCT) scans [6]. The model uses 3D convolutional
neural network (3D-CNN), which is suitable for process-
ing three-dimensional CT image data. During the work
process, a large amount of lung CT scan data needs to be
collected first, and the 3D data needs to be standardized,
such as voxel size adjustment. Finally, expert radiologists
mark the lung nodules in the CT images as labels for the
training data.

2.2.3 Prostate Cancer

Multiple research teams have developed Al-based prostate
cancer MRI image analysis systems, such as the UroNav
system developed by Philips [7]. The system uses a com-
bination of CNN and SVM. During work, a large number
of prostate MRI images need to be collected, and prepro-
cessing includes image standardization, noise removal,
etc. Then let the radiologist mark the lesion area on the
MRI image. Finally, CNN is used to extract image fea-
tures, and then the features are classified by SVM classifi-
er to predict the possibility of prostate cancer.

2.3 Daily Disease
2.3.1 Diabetes

The Guardian Connect system developed by Medtronic
uses Al to monitor and predict blood sugar levels in real
time [8]. The system uses a model that combines time
series analysis with deep learning, such as Long Short-
term Memory Network (LSTM). During work, patients’
blood glucose data needs to be collected through Con-
tinuous Glucose Monitors (CGM). Data preprocessing
includes normalization of time series data and processing
of missing data. Finally, an LSTM network was employed
to process historical blood glucose data and predict blood
glucose trends over the next few hours.

2.3.2 Depression

Woebot Labs has developed Woebot, an Al chatbot for
sentiment analysis and depression management [9]. Using
Natural Language Processing (NLP) and sentiment analy-
sis algorithms to analyze users’ language expressions and
emotional states. While working, data is recorded through
conversations with users, and preprocessing includes
annotation of language texts, assignment of emotional
labels, etc. Using NLP technology to train sentiment anal-
ysis models to identify emotional changes and potential
depressive symptoms in user texts.

3. Discussion

But artificial intelligence may also suffer from poor inter-
pretability, which can lead to reduced clinical trust. When
doctors and patients find it difficult to understand the de-
cision-making process of an Al model, they will develop
distrust in it. This is particularly important because medi-
cal decisions often involve the life and health of patients,
and health care professionals may be wary of adopting Al
if it cannot explain why it reached a certain conclusion.
And it could raise legal and ethical questions. If Al makes
wrong diagnosis or treatment recommendations, but its
decision-making process cannot be explained, this will
make it difficult to define legal liability and trigger eth-
ical disputes. Al systems with poor interpretability may
fail to meet the requirements of medical regulations and
standards. Finally, some algorithms cannot be effectively
improved and optimized. If the decision-making process
of the Al model is not transparent, it will be difficult for
developers and doctors to identify and correct errors or
deviations in the model, thus affecting its continuous opti-
mization.

Due to distribution differences and other reasons, Al
may also have poor applicability. Al models often rely
on large-scale, high-quality annotated data. However, in
healthcare, the quality and format of data can vary signifi-
cantly across hospitals, regions, and populations, leading
to inconsistent model performance in different settings.
Not only that, medical Al models are often trained on
specific data sets that may not fully represent all situa-
tions in the real world. Therefore, the model may perform
poorly on new patient groups or disease types, limiting its
widespread application.There is also population heteroge-
neity. Differences in demographic characteristics such as
different regions, races, genders, ages, etc. may cause Al
models to perform worse than others in some groups. If
the training data comes primarily from a certain popula-
tion, the model may not be able to handle data from other
populations effectively. Added to this are differences in
disease and treatment options. There may be significant
differences in disease prevalence, medical resource dis-
tribution, and treatment options in different regions, and
these differences will affect the adaptability and effective-
ness of the Al model.

Developing Al also requires high development and main-
tenance costs. Developing a high-quality medical Al sys-
tem requires a lot of manpower, material resources, and
time, including data collection and annotation, algorithm
development, clinical trials, etc. In addition, the mainte-
nance and updating of Al systems also require continuous
investment to ensure their accuracy and safety. A lot of
infrastructure investment also needs to be increased. Al-



ready trained models are also difficult to manage and fur-
ther update as the virus changes. In the process of training
Al, because the data used for training involves patient
information, if there are loopholes in the Al system or
related data storage and transmission links, it may lead to
the leakage of patient privacy data. There is also the risk
of privacy data leakage.

In terms of the future prospects, these are some algorithms
that can solve or optimize the above problems:

Decision Trees and Random Forests: These models have
a relatively simple structure and can clearly display each
step of the decision-making process, making them suitable
for medical applications that require interpretability.

Local Interpretable Model-agnostic Explanations (LIME)
[10]: LIME is a model-independent explanation method
that explains the output of complex models (such as deep
learning) by generating local linear models, allowing doc-
tors to understand the reasons for specific predictions
Federated Learning: Allows models to be trained on local
data, thereby reducing the need for central data collection
and storage and reducing data transmission and computing
costs.

Secure Multi-Party Computation (SMPC): When perform-
ing data processing and calculations between multiple
parties, it ensures that the data privacy of each party is not
leaked. It is an effective tool to solve privacy issues when
sharing data across institutions.

4. Conclusion

This article completes a review of the combination of arti-
ficial intelligence and medical care. It summarizes how Al
is combined with medical treatment in cancer and other
diseases that may occur in daily life, as well as the models
and algorithms that have been developed in recent years.
The basic working principles of algorithms and models
are also introduced. This also discussed some difficulties
and bottlenecks currently encountered in the combination
of artificial intelligence and medical care, and found some
corresponding algorithms that can optimize and solve
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them.
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