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Abstract: Organ transplantation is a life-saving procedure that
has transformed the field of medicine. Despite significant
advancements  in  transplantation  techniques  and
immunosuppressive therapies, challenges still remain,
including organ availability and the risk of rejection. In this
review paper, we provide a comprehensive overview of the Bone
Marrow Transplantation Predictive Model, a novel predictive
model that aims to enhance the accuracy of predicting
transplant outcomes. We summarize the existing literature on
transplantation predictive models, highlight the unique
features and strengths of the Bone Marrow model, and discuss
its potential implications for improving transplant success rates
and patient outcomes.
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. INTRODUCTION

Bone marrow, a vital component of the human body, serves
as the primary site for hematopoiesis and houses a rich source
of multipotent stem cells. These specialized cells, known as
bone marrow stem cells (BMSCs), have garnered significant
attention in the field of regenerative medicine due to their
remarkable ability to differentiate into various cell types and
promote tissue repair. The exploration of BMSCs has unfolded
a promising avenue for treating a wide range of diseases and
injuries, including hematological disorders, autoimmune
conditions, and musculoskeletal injuries.

Understanding the timeline of bone marrow development
is crucial in comprehending the complexity and significance of
BMSCs. During embryogenesis, hematopoiesis occurs in the
yolk sac, followed by the fetal liver and spleen. However, it is
in the bone marrow where the production of blood cells and the
presence of BMSCs become prominent throughout postnatal
life. This timeline underscores the critical role that bone
marrow plays in the continuous replenishment of the body's
blood cells and the regenerative potential of BMSCs.

The function of BMSCs extends beyond hematopoiesis, as
these cells possess unique properties that make them attractive
for therapeutic applications. BMSCs not only have the ability
to self-renew but also exhibit immunomodulatory effects and

secrete various growth factors, cytokines, and extracellular
vesicles that promote tissue regeneration and modulate the
immune response. Harnessing the therapeutic potential of
BMSCs requires a comprehensive understanding of their
behavior and interactions within the complex biological systems.

Machine learning approaches, such as the Bone Marrow
Transplantation Predictive Model, have emerged as powerful
tools to analyze and predict the behavior of BMSCs. By
leveraging large datasets encompassing molecular profiles,
clinical parameters, and transplantation outcomes, these models
aim to uncover patterns and correlations that can enhance our
understanding of BMSC function and optimize therapeutic
strategies. The integration of machine learning techniques with
the vast biological knowledge about BMSCs has the potential to
revolutionize the field of regenerative medicine and improve
patient outcomes.

Machine learning, a subfield of artificial intelligence,
encompasses various techniques and algorithms that enable
computers to learn from data and make predictions or decisions
without explicit programming. In the context of your research
paper, discussing the types of machine learning can provide a
comprehensive understanding of the methodologies employed in
the Bone Marrow Transplantation Predictive Model. Here are
some key types of machine learning:

Types of machine learning

SEMI-SUPERVISED
MACHINELEARNING

SUPERVISED
MACHINE
LEARNING

UNSUPERVISED
MACHINE LEARNING

RE-INFORCEMENT
MACHINE LEARNING

Supervised Learning: This type of machine learning involves
training a model using labeled data, where the input variables
(features) are mapped to known output variables (labels or target
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variables). The model learns the underlying patterns in the data
and can then make predictions on new, unseen data. Examples
of supervised learning algorithms include linear regression,
decision trees, support vector machines, and neural networks.

Unsupervised Learning: Unsupervised learning deals with
unlabeled data, where the model's objective is to discover
patterns, relationships, or structures within the data without any
predefined output labels. Common unsupervised learning
techniques include clustering algorithms like k-means
clustering, hierarchical clustering, and dimensionality
reduction techniques like principal component analysis (PCA)
and t-distributed stochastic neighbor embedding (t-SNE).

Semi-Supervised Learning: This type of learning lies
between supervised and unsupervised learning. It utilizes both
labeled and unlabeled data during the training process.
Typically, the labeled data is limited, while the unlabeled data
is abundant. Semi-supervised learning algorithms aim to
leverage the unlabeled data to improve the model's performance
and generalization.

Reinforcement Learning: Reinforcement learning involves
training an agent to interact with an environment and learn from
the feedback received in the form of rewards or penalties. The
agent learns to take actions that maximize cumulative rewards
over time. This type of learning is often used in scenarios where
an agent learns to play games, control robotic systems, or
optimize decision-making processes.

Deep Learning: Deep learning is a subset of machine
learning that focuses on the development and training of deep
neural networks, which are neural networks with multiple
hidden layers. Deep learning has demonstrated remarkable
success in various domains, such as image recognition, natural
language processing, and speech recognition. Convolutional
neural networks (CNNSs) and recurrent neural networks (RNNs)
are examples of deep learning architectures.

Transfer Learning: Transfer learning involves leveraging
knowledge learned from one task or domain to improve
learning and performance in another related task or domain. By
transferring pre-trained models or knowledge, transfer learning
can significantly reduce the need for large labeled datasets and
improve learning efficiency.

Ensemble Learning: Ensemble learning combines multiple
individual models (often referred to as base learners) to make
predictions or decisions. The ensemble model aggregates the
predictions from the base models, which often leads to better
overall performance. Popular ensemble learning methods
include random forests, gradient boosting, and stacking.

It is important to note that the Bone Marrow
Transplantation Predictive Model may utilize specific types of
machine learning algorithms or a combination of different
approaches. Understanding these types of machine learning
provides a foundation for discussing the methodologies
employed in the model and their implications for
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transplantation predictions.

Machine learning algorithms:

Machine learning algorithms have revolutionized the field of data
analysis and prediction. Among the various algorithms, linear
regression is a widely used technique for predicting a continuous
output variable based on input variables. It assumes a linear
relationship between the inputs and the output. On the other hand,
logistic regression is specifically designed for binary classification
problems, estimating the probability of an instance belonging to a
particular class.

Decision trees are popular for their ability to partition data
into hierarchical structures based on attribute values, allowing for
efficient classification or regression. Random forests take this
concept further by combining multiple decision trees to make
predictions. Each tree is constructed independently using a
random subset of the training data, and the final prediction is
obtained by aggregating the predictions of all the trees.

Support Vector Machines (SVM) are powerful algorithms
used for both classification and regression tasks. They construct
hyperplanes that maximize the margin between different classes
or regression points. Bayes naive, based on Bayes' theorem, is a
simple yet effective probabilistic classifier that assumes feature
independence, simplifying probability calculations.

KNN, or nearest neighbors, is a versatile algorithm used for
classification and regression. It predicts values based on the
majority vote or average of the values of the k nearest neighbors
in the training set. Neural systems, inspired by the human brain,
consist of interconnected nodes organized in layers. They excel
in learning complex patterns and relationships in data.

Inclination helping machines, or gradient boosting
machines, sequentially combine weak prediction models to
create a strong predictive model. Clustering techniques, on the
other hand, are unsupervised learning algorithms used to identify
groups or clusters within a dataset. K-means clustering partitions
data into a predetermined number of clusters, while hierarchical
clustering builds a hierarchy of clusters based on similarity
measures. DBSCAN groups together data points that are close to
each other, separating outliers or noise points. Gaussian Mixture
Models (GMM) assume the data is generated from a mixture of
Gaussian distributions and can be used for clustering and density
estimation tasks.

Overall, these algorithms represent a diverse set of tools for
analyzing and interpreting data, enabling us to gain valuable

2

insights and make accurate predictions in various domains.

Feature selection:
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Feature selection plays a crucial role in machine learning
and data analysis. It refers to the process of selecting a subset
of relevant features from a larger set of variables or attributes
in a dataset. The need for feature selection arises due to several
reasons.

Firstly, feature selection helps to improve model
performance and generalization. Including irrelevant or
redundant features in the model can lead to overfitting, where
the model becomes too specialized to the training data and
performs poorly on unseen data. By selecting only the most
informative and relevant features, we can reduce the complexity
of the model and enhance its ability to generalize to new
instances.

Secondly, feature selection helps to reduce computational
complexity. Large datasets with a high number of features can
significantly increase the computational requirements for
training and testing models. By eliminating irrelevant or
redundant features, we can reduce the dimensionality of the
dataset and streamline the computational processes, making
them more efficient and manageable.

Thirdly, feature selection aids in improving model
interpretability. When dealing with a large number of features,
it becomes challenging to understand the underlying patterns
and relationships captured by the model. By selecting a smaller
subset of features, we can simplify the model and make it more
interpretable, allowing us to gain insights and extract
meaningful information from the data.

Furthermore, feature selection can contribute to data
preprocessing and data cleaning. It helps in identifying and
removing features that are highly correlated, noisy, or contain
missing values. By eliminating such problematic features, we
can enhance the quality and reliability of the data, leading to
more accurate and robust models.

In addition, feature selection can facilitate domain
knowledge integration. Domain experts often have valuable
insights into which features are more relevant for a specific
problem. By involving them in the feature selection process, we
can leverage their expertise to identify and prioritize the most
informative features, leading to improved model performance
and decision-making.

Overall, feature selection is crucial for optimizing model
performance, reducing computational complexity, improving
interpretability, enhancing data quality, and incorporating
domain knowledge. It allows us to focus on the most relevant
aspects of the data, leading to more effective and efficient
machine learning models.

Literature Survey:

Gourisaria et al. [2022] proposed in their research paper the
prediction of the survival status of patients using machine
learning algorithms with the help of feature selection
techniques. they used two feature selection processes which are
Fuzzy Discernibility Matrix and Principal Component
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Analysis. they gained better results using FDM as compared to
the other feature selection techniques [1].

Taati et al. [2014] examined on Bone Marrow transplant risk
factors. They collected the record of the transplant procedure
from 1751 patients. They used collaborative filtering techniques
to collect records with missing values [2].

Bosewell et al. [2015] worked on human leukocyte antigens.
They proposed that bone marrow transplant is the fundamental
source of human leukocyte antigen type match for patients and
donors. They proposed a web-based virtual data integration
system to improve the human leukocyte antigen matching
process for donors [3].

Odeh et al. [2018] worked on specimen tracking or cancer
centers. They tried to explain the lab specimen states and identify
them in the specimen tracking system without taking or thinking
about the lab business process carefully for a long time. For this
one stakeholders and the accounting department are responsible
to charge for the services. Not thinking for a long time it creates
a gate between the current identified states and the lab’s process.
This paper informed about the work of specimen tracking from
lab business processes. It also studied the cell therapy and Bone
marrow transplant lab at a cancer center in Jordan. Also, it
contributes to enhancing the quality of records in lab data and
cancer center data [4].

Ramalhete et al. [2019] proposed that the methods that
evaluate Lymphocyte function play an important role in patients
with bone marrow transplants, organ transplantation, and
therapy. He worked with an infrared spectroscopy-based
method[5].

Gresh et al. [2002] worked on the creation of an application
that can monitor and analyze the patient record. This application
is used to visualize and understand the record of the patient. They
can be understood as a huge collection of patient records data of
bone marrow transplants in Israel. This application was based on
an information visualization toolkit, opal developed at IBM
Watson Research Center. This tool kit is very flexible to use.
This application is very good for information visualization
techniques. This application is very good to deal with unfamiliar
data. This application is very good to deal with records and
creates a useful, flexible, and iterative information environment

[6].

Liu et al. [2017] proposed the first deep-reinforcement
learning framework to find the optimal Dynamic Treatment
Regimes from medical records. This framework is very flexible
for state spaces to model real life in a disease. This framework is
more flexible to use in heterogeneous disease propagation
according to doctors’ and patients’ decisions and
recommendations. The supervised learning step also belongs to
this learning framework to estimate the actions and long- term
value function. They implemented this framework on a recorded
dataset from the Center for International bone marrow
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transplantation research. They found the result with promising
accuracy [7].

Chen et al. [2010] proposed that vasculature tumors. This is
a type of tumor that can occur anywhere on the skin or in the
skin tissues. In this paper, to assisting improving tumor therapy,
the features of tumor vascular patterns between the two
vasculature pathways are investigated. They proposed the
potential of high-frequency ultrasound 3 D Doppler images for
assisting the pathways of the tumor vasculatures in recurrent
and primary tumors. In this process, the Murine tumor is
transplanted into non-irradiated and pre-irradiated tissues to
simulate the primary and recurrent tumor models. After the 7th
day, taking inoculation, Doppler mode images are captured to
reconstruct 3-D tumor vasculature images. Recurrent tumors
show the blood vessels were wider than the primary tumor. This
study is about the feature of patterns in tumor vasculature and
improving the curability of recurrent tumors [8].

Yali et al. [2011] studied the treatment of Myocardial
infarction using stem cell transplantation from an umbilical
cord source. This study explores the feasibility of the treatment
of stem cells by using a new source umbilical cord. The body
that has Mesenchymal stem cells, is transplanted by using the
human umbilical cord. After 8 weeks, take out the heart of the
rat model to check the

transplantation of mesenchymal stem cells if the result of
this is Myosin heavy chain it means stem cells are alive or
transplantation of mesenchymal stem cells is able to survive.
This research discovered a new source for seed cells because of
the limited application of mesenchymal stem cells coming from
bone marrow [9].

Parekkadan et al. [2009] proposed methods to derive or
manipulate targets and prepare the stem cells for medical use.
These methods will help humans to derive and test human
embryonic stem cells, analyzing bone marrow stem cells’
function. In this study, an explanation of many types of
methods to assist the image of stem cell transplant, and
cryopreserve stem cells, using microscale techniques [10].

Nishio et al. [2010] examined the study of wound healing.
This is the major problem faced by elderly patients. Normal
wound healing is the category of an inflammatory reaction
means that is spread by bacteria into the skin tissue. These
causes are swelling and redness on the skin. This inflammatory
reaction is categorized by sequential infiltration of neutrophils,
macrophages, and lymphocytes. this study examined the effects
of monocyte lineage cells on wound healing. Here they
transplanted bone marrow cells from GFP mice to C57BL/6
Mice. They found the rate of healing wound repair was
improved by bone marrow transplantation. Finally old bone
marrow cells also improved wound repair by bone marrow
transplant. They check the rate of old bone marrow to new bone
marrow. The rate of wound repair in old bone marrow was
lower than in the transplant of young bone marrow. The results
show that wound healing is controlled by monocyte lineage
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cells[11].

Xie et al. [2008] studied bone segmental bone defects by
marrow stromal cell transplant with demineralized bone matrix.
This study examined the construction of engineered tissue in a
large animal model. In this study, marrow stromal cells were
seeded or transplanted with the help of a demineralized bone
matrix for bone regeneration of large segmentation bone defects
[12].

Result and Discussion:

This section illustrates the outcomes of our use of six
machine learning methods to perform some metrics, such as
correlation coefficient, coefficient determinant, mean absolute
error, and root mean squared error.

The correlation coefficient measures the strength and
direction of the linear relationship between two variables,
providing insights into their association.

Table:1 Correlation Coefficient

Algorith | Correlatio = Determinen Mean Root
m n t of absolut = mean
coefficient | Coefficient | eerror squared
error
Guassian 0.77 0.59 0.26 0.31
Process
Multilaye 0.59 0.35 0.28 0.43
r
Perceptro
n
Smoreg 0.72 0.52 0.3 0.36
IBK 0.25 0.06 0.36 0.6
Decision 0.79 0.62 0.13 0.3
Table
Random 0.86 0.74 0.26 0.29
Forest
“ habbsd s
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(9&,;, @o\‘@ <—)<°° Qz& & <

B Correlation coefficient B Determinent of Cofficient

Mean absolute error B Root mean squared error

Figure:1 Correlation Coefficient

We can examine various correlation coefficient numbers in
the graph.

Coefficients represent the slope or the rate of change of the
predictor variables. They indicate the impact or contribution of
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each variable on the outcome variable.

Table:2 Comparing Coefficient

Algorithm original | consistent | balanced
Guassian Process 0.77 0.78 0.85
Multilayer 0.59 0.68 0.83
Perceptron
Smoreg 0.72 0.73 0.82
IBK 0.26 0.24 0.74
Decision Table 0.80 0.80 0.87
Random Forest 0.87 0.87 0.92
Coefficient
1.00
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0.40
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a £838 & c
p R o =
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O
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Figure:2 Comparing Coefficient
We can examine various Coefficient numbers in the graph.

Table:3 Accuracy

Algorithm Original | Consistent | Balanced
Guassian 73.87 74.2 79.21
Process
Multilayer 71.99 75.02 85.09
Perceptron
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