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Abstract. Medical industry produces a significant portion of data whereas by adopting various Machine
Learning models it can make accurate predictions about public healthcare that can be generalised. Transfer
learning improves traditional machine learning by transferring the knowledge learned in one or more tasks
and by using it for learning improvement in a related target task. In the current study, transfer learning with
random forests was applied. Four datasets of medical interest obtained from the University of California,
Irvine (UCI) Machine Learning Repository were used i.e., the BUPA-Liver Disease Dataset, the Breast
Cancer Wisconsin Dataset, the Cleveland Heart Disease Dataset, and the Pima Indians Diabetes dataset. To
our knowledge, there has been no study that applied Random Forests and Transfer Learning for these
datasets. According to our results, our proposed method could provide significant accuracy rates in terms of
diagnosing these disorders. Specifically, the classification accuracy of each dataset was similar or higher
compared to the majority of similar studies that applied Random Forests. Limitations and suggestions

regarding future research are also presented.

1 Introduction

Machine learning (ML) can be described as a subset of
artificial intelligence in which a mathematical model
based on “training data” is built to make decisions or
predictions without being programmed [1]. It is often
called a dynamic prediction tool that will make a
difference in disease diagnosis and screening in medical
industry. Apart from medical industry, Machine
Learning has also been applied in other domains for
several purposes such as education applications [29],
sign language learning [2] and gaming applications [3].
Machine learning is ideal for examining complex high-
dimensional data because of its flexibility and
automation compared to conventional approaches.
These advantages have led to the development of a wide
range of diagnostic algorithms [4]. More specifically,
diagnostic algorithms have been applied to cardiac
arrhythmias detection from electrocardiograms [5],
early and objective autism spectrum disorder (ASD)
assessment [6,7], pneumonia diagnosis from chest x-
rays [8], and identification of patients who need an
intervention according to a knee MRI [9].

A variety of algorithms are offered by Machine
Learning whereas the Random Forest algorithm is
considered as one of the most representative ones. The
Random Forest algorithm has shown exceptional
success as a regression and a general-purpose
classification method [10]. It has been extensively
applied in medical industry for the prediction of tumour
T cell antigens [11], in a Bayesian Case velocity model
regarding the prediction of COVID-19 in the United
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States [12] and for the discovery of an optimal
traditional Chinese medicine formula that could
contribute to the treatment of Alzheimer’s disease.

Traditional machine learning algorithms such as
Random Forests can be improved by Transfer Learning
which transfers the knowledge learned in one or more
tasks and by using it for learning improvement in a
related target task [13].

1.1 Objective

The current study, utilised four datasets of medical
interest obtained from the University of California,
Irvine (UCI) Machine Learning Repository [14].
Random Forests and Transfer Learning were applied in
our study. There have been earlier studies that used these
datasets and applied either Random Forests [15-19] or
Random Forests combined with other algorithms, as
well [20-22]. To our knowledge, there has been no study
that applied Random Forests and Transfer Learning for
these datasets. Therefore, it can be hypothesised that the
application of Random Forests and Transfer Learning
could result in a better accuracy concerning the
prediction of these disorders.

2 Methodology

2.1 Datasets

The datasets obtained from the University of California,
Irvine (UCI) Machine Learning Repository [14] are
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presented in Table 1. The Liver Disorders Dataset
(BUPA) [23] is a UCI Machine Learning Repository
data set. It consists of a total of 345 instances and 7
attributes. The data instances consist entirely of males.
The first 5 attributes are blood metrics and seem to
correlate with liver disorders from excessive daily
alcohol consumption. The 6th attribute is the daily
consumption of alcohol measured in half-pints
(equivalent to the alcoholic beverage consumed). The
7th attribute was intended for use as a classifier for data
used as training and testing by the data set researchers.
The PIMA India Diabetes Dataset [24] aims at
predicting whether certain perceptions are in danger of
diabetes, given independent factors. There are a few
limitations when choosing these instances from a big
database. Specifically, all patients are female of Pima
Indian descent who are no less than 21 years of age.
Eight variables regarding 768 patients [25] are used to
find out if the patient has diabetes. The UCI Heart
Disease dataset [26], which consists of 304 instances
and 14 attributes aims at predicting heart diseases.
Predicting heart diseases is difficult since each person
has a different pulse rate, blood pressure, and sugar
levels. However, there is a range of values the heart
should beat per minute and the level of blood pressure
should be measured for every person. Making use of
them, heart diseases could be predicted early, proper
treatment could be given to the patients with a high
chance of complete treatment. The Wisconsin Breast
Cancer dataset [27] has 699 instances of 10 attributes
each, describing physical sizes from measurements of
tumours, either benign or malignant.

Table 1. Datasets.

Dataset Instances | Attributes Details
name
- Blood metrics
- Liver
disorders from
Liver excessive daily
Disorders 345 7 alcohol
Dataset consumption
(BUPA)
- Consists
entirely of
males
- Aims at
predicting
whether certain
The perceptions are
PIMA in danger of
India 768 8 diabetes
Diabetes - Consists
Dataset entirely of
females no less
than 21 years
old
The UCI
Heart - Predicting
Disease 304 14 heart diseases
dataset

- Describing
The physical sizes
Wisconsin from
Breast 699 10 measurements
Cancer of tumours,
dataset either benign or
malignant

2.2 Proposed Approach

Random forests in Python version 3.9 were utilised in
this study aiming the classification of each dataset used
in this paper. Spyder IDE and the Miniconda Virtual
Environment were used. The computer configuration
used was a Ryzen 2600x processor with 16GB RAM
and a GTX 1660 super GPU. Random forest algorithm
was applied for all the values of 5 to 150 estimators
(trees) and test size ranged from 0.2 to 0.5 producing the
following metrics i.e., Max Accuracy, Training Set
(Percentage of the dataset used for training), Trees
(Number of trees produced) and Average Accuracy.
This process was reiterated a total of five times to verify
our results.

All the datasets were processed before random forest
implementation and classification process. Initially,
instances that contained missing values were removed
from the dataset, followed by a conversion of all
numeric values to integers.

There was some additional processing regarding the
Liver Disorders Data Set (BUPA). Particularly, the
seventh attribute of this dataset, which was intended for
use as a classifier for data used as training and testing by
the data set researchers was removed. Moreover,
according to UCI guidelines, the 6th attribute presenting
the consumption of alcohol per day was edited.
Specifically, for values lower than 3, class 0 was
defined, while class 1 was defined for values greater or
equal to 3.

The process of building and training the random
forest classifier was carried out using Python-based
Scikit-learn open-source library [28]. Additionally,
NumPy and Pandas libraries were imported for use in
numeric operations and dataset ~management,
respectively.

The charts were produced using the library
mpl_toolkits, part of the matplotlib library. Three-
dimensional charts for each dataset were made depicting
the number of trees on the x-axis, the test set on the y-
axis, and accuracy on the z-axis.

3 Results and Discussion

Four datasets of medical interest obtained from the
University of California, Irvine (UCI) Machine
Learning Repository [14] were utilised i.e., the Liver
Disorders Data Set (BUPA) [23], the PIMA India
Diabetes Dataset [24], the UCI Heart Disease dataset
[26] and the Wisconsin Breast Cancer dataset [27].
Random Forests and Transfer Learning were applied.
According to Figure 1 and Table 2 presenting the
results of the Liver Disorders Dataset (BUPA), the
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highest accuracy (66.65%) was achieved while using
42.5% of the dataset as test data with a relatively small
number of trees (60). Earlier studies that applied
Random Forests found higher accuracy scores than our
study while using different methods for the modification
of the original dataset. In [20], an extra column provided
by the authors of the BUPA dataset was used as a class
selector and a k-fold cross-validation method was
applied where the dataset was split into equal subsets.
The calculated accuracy was 80%. There was one
additional study in which cross-validation and the
Stability Selection (SS) method were used [15]. Five
sub-datasets were produced from this process and the
accuracy varied, ranging from 55% to 84%.

Diabetes Dataset

Accuracy %

Liver Dataset

Fig. 2. PIMA India Diabetes Dataset Results.

Concerning the UCI Heart Disease Dataset, we can
see in Figure 3 and Table 2 that Random Forest
algorithm achieved its highest accuracy (87.91%) while
using 30% of the dataset as test data and 75 random
trees. When compared to other studies that applied
Random Forests, our results are similar (Accuracy =
86.9%) [17] or quite higher than one study that found an
accuracy of 82.69% [18] and one study that used
Transfer Learning to implement Random Forest
Algorithm in WEKA software [22] (Accuracy =
81.51%).

Accuracy %

Heart Disease Dataset

Fig. 1. Liver Disorders Dataset (BUPA) Results.

Regarding the PIMA India Diabetes Dataset, Figure
2 and Table 2 show that the maximum accuracy
(80.52%) was achieved while using 30% of the dataset
as test data and 90 random trees. When our results are
compared with similar studies, it is obvious that a
relatively high accuracy was achieved. For example, in
[21]RF,C4.5,REPTree, SimpleCart, BFTree,and SVM
were applied. Random forest algorithm achieved an
accuracy lower than 80.52% with 40 trees while
applying a methodology similar to ours. In one
additional study [16], an accuracy of 80.08% was
achieved with the R tool in Random Forests. These
results are similar to ours while a different RF approach
was applied.

Accuracy %

Fig. 3. UCI Heart Disease Dataset Results.

As we can see in Figure 4 and Table 2 depicting the
results regarding the Wisconsin Breast Cancer Dataset,
the Random Forest algorithm excels in classifying such
dataset and achieved peak performance at 96.78% while
using 50% of the dataset as test data and 95 random
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trees. Using Transfer Learning to implement the
Random Forest Algorithm appears to be a significant
improvement over other implementations, which
present accuracy of 69.23% by applying traditional RF
[18]. There was also one study that used Transfer
Learning to implement the Random Forest Algorithm in
WEKA software [22] finding a classification accuracy
that was similar to ours (96.13%). No further
improvement can be achieved unless using algorithms
with heuristics to optimize the data as presented in other
studies [19] which managed to perform a higher
accuracy (99.04%).

Breast Cancer Dataset

J

Fig. 4. Wisconsin Breast Cancer Dataset Results.

Table 2. General Result

Accuracy %

Dataset Max Test Number Average

of trees
name Accuracy | Dataset produced Accuracy

Liver
Disorders
Dataset
(BUPA)

66.65% 42.5% 60 65.56%

The
PIMA
India 80.52% 30% 90 79.22%
Diabetes
Dataset

The UCI
Heart
Disease
dataset

87.91% 30% 75 86.81%

The
‘Wisconsin
Breast 96.78% 50% 95 96.76%
Cancer
dataset

4 Limitations

During our study, certain limitations were encountered.
First, the maximum accuracy was limited, due to the
randomness of the trees. We would have a better model
if it was fed with values from the previous iteration. By
using the Principal Component Analysis (PCA), we
could have achieved higher accuracy and a more stable
graph representation. This technique increases the
interpretability and reduces the dimensionality of the
datasets. Another way of increasing our accuracy would
be with K-FOLD cross-validation if applied in values of
folds ranging from 5 to 10. We could also combine it
with the Stability Selection method on the K-FOLD
Sub-datasets, to further improve our accuracy.
Regarding the classification process efficiency, it could
be increased by applying Random Under-Sampling to
the original datasets. Lastly, there would be better
dataset optimization if algorithms with heuristics were
applied.

5 Conclusion

The present study, utilised four datasets of medical
interest obtained from the University of California,
Irvine (UCI) Machine Learning Repository [14].
Random Forests and Transfer Learning were applied.
Our proposed method could provide significant
accuracy rates in terms of diagnosing Liver Disorders,
Diabetes, Heart Diseases, and Breast Cancer. It also
addressed an up-to-date problem of the medical
community, since it can predict these disorders
accurately, faster than traditional diagnosing methods,
and most importantly, with very little computational
power and training time.
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