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Abstract

This work uses a random forest algorithm for the classification of differentially expressed genes with aging
in humans by using a machine learning tool. GO annotations have been used to train the model. Genes
function can be affected by the aging process and it could be identified through the changes in its
byproducts or features. We used a random forest algorithm to learn the pattern of the features and to
predict the type of change it may cause. Random forest algorithm has high accuracy in classification or
prediction and it could be interpreted through feature importance measure. We have large data on genes
level i.e. a gene function can be annotated by thousands of features. In this work, we used the random
forest feature selection method to select the most important features and compared the accuracy of the
model with the reduced features dataset. Results show the accuracy with both pieces of training as well as
testing datasets. This study is informative for the biologists who are studying aging especially
neurodegenerative diseases like Parkinson's diseases and Alzheimer's diseases. This work shows the
significance of the random forest algorithm with the attribute selection method. we have found several
Genes attributes that showed significant associations with brain aging. Overall, our results show an
interpretation of the Random forest algorithm and its significance to predicting differentially expressed
genes with aging.

Keywords: Machine Learning, Random Forest, GO Terms, Genes Expression, Prediction, Classification.

Introduction

The process of getting old is simply associated with aging. It's an irreversible process. In all organisms,
aging leads to functional and structural changes. These changes occur up to the cellular level i.e. cells
might stop duplicating. Similarly, genes also get change with the age, and sometimes these changes cause
major disorders and diseases. Like many other age-related changes like skin aging, bone aging, etc. the
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brain also gets affected. The time in life when the brain starts aging is undefined, a person can suffer from
many diseases due to alterations in genes expressions caused by aging. The human brain controls various
functions like reasoning, recollecting, arranging, sorting out, deciding, and more. These capabilities are
affected by our lifestyle and how well we carry out our everyday chores. Variations happen with the aging
in all regions of the brain, some fragments may get shrink which causes difficulties in learning abilities and
other complex medical activities. Sometimes the communication between the nerve cells gets disturbed or
blood flow in certain regions of the brain may decrease. Similarly, inflammation occurs when the body
replies to an injury or disease. The fluctuations in the brain can affect the functions of the brain, even in
healthy mature people. Aging is programmed within each individual's genes; can be influenced by multiple
factors like environment and genetic mutations which cause changes in gene expressions and may also
accelerate aging.

Neurodegenerative diseases are strongly related to human aging. This work predicts the type of change; a
gene can get with a specific patter/n of features. Also highlighted are the top relevant genes features that
have a significant effect on the aging process and may majorly cause diseases; by using machine learning
tools and techniques. In this research, the Random Forest classification algorithm is used to observe aging
processes (Breiman, 2001). This Algorithm is much popular in bioinformatics and supervised machine
learning (Fawagreh, Gaber, & Elyan, 2014; Touw et al., 2013).

Random Forest algorithm has high predictive power which gives maximum accuracy and its variable
importance measures allow us to identify the most important features (Aria, Cuccurullo, & Gnasso, 2021;
Athey, Tibshirani, & Wager, 2019). More specifically goals of the research are:

Analyze and learn the pattern of features of genes and their changes with aging.

Use of Random Forest Algorithm to learn the features pattern and classification of genes.
Training and evaluating the model

Apply random forest feature selection method with Gini criterion to find most important features.
Training of model on the dataset with reduced features.

Evaluation of results and accuracy of the model with reduced features.

VVVVYVYVYVY

This paper is organized as Section Il reviews historical research in the domain of aging and genes
expressions. Section 11 discusses the materials and methods used in this work. Experimental results and
accuracy evaluation of the model are provided in Section V. Concluding remarks are given in Section V.

Literature Review

The aging process inhabits degenerative ailments (Bezprozvanny & Mattson, 2008) and restricts neural
functional activities (Gustavsson et al., 2011; Vieta et al., 2021). The chances of developing
neurodegenerative diseases i.e. Alzheimer's disease and Parkinson’s disease increase dramatically with age
(Gustavsson et al., 2011).

Datasets interpret in bioinformatics contain a lot of features caused due to aging with crucially fewer
samples. There are different types of datasets that contain different types of data e.g. images, binary, text,
microarrays, etc. The human body has a very complex structure and also has a complex relationship with
all the parts of the body. These relationships are highly multiplex and simple data mining algorithms don't
work efficiently to study such datasets. Different methods have been adopted to gather the required
computable data, some of them are discussed below.

Microarray Technology

In microarray technology, thousands of the DNA sequences are deposited on a small surface, which was
called ‘chip’ and was commercially prepared. The fragments of DNA are arranged in a symmetric array-
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like structure having rows and columns in a way that each fragment can be accessed through its index on
the array. Microarrays commonly have two types. Gene Expression microarray and Tissue microarray
(TMA) (Vieta et al., 2021).

Microarray Databases

There is massive production of gene expression data in the results of microarray experiments. Therefore, it
has become a good practice to store this data in databases that are publically accessible. This practice was
requested by the journal's editors before the publication of the data. It helped the independent researcher to
use and scrutinize the data and also validate the original analysis. Although the microarrays data provided
significant results, there is a limitation that the data requires some standards for representing, interpreting,
and exchanging the extracted data.

Minimum Information About a Microarray Experiment (MIAME) was the very first solution for this
problem, it describes minute evidence required to exhibit microarray data that could be easily interpreted
and the results could also be verified independently. It provided a standard for reporting and recording
microarray-based genes expression data. The development of big central microarray databases has
facilitated data sharing e.g. Stanford Microarray Database was one of the first repositories (Brazma, 2009)
(Emmerich & Harris, 2019).

Currently, a major public microarray database is Gene Expression Omnibus (GEO) introduced by the
National Center of Biotechnology is also following the MIAME standards and facilitating the user to
deposit, share and access the microarray data (Emmerich & Harris, 2019; Suzuki, Horie, & Numabe, 2019).
Meta-Profiling method has been used to overcome the problems of comparing microarray data. It compares
statistical measures obtained from each dataset. These databases are currently being used by researchers to
study genes and their by-product proteins. Required data of any species could be collected from such
repositories. Now after getting the dataset the next step is how to identify the specific age-related data.

Identifying age-related genes expression profiles

A hypothesis was tested for each dataset i.e., the expression of a given gene is associated with aging or not.
Linear regression was applied on each genes data using the given equation:

Yij =p0j+p1jAgei+eij

Where Yij is the intensity of gene j in sample i, Agei is the age of the specimen from which sample | was
obtained and «ij is the error. The co-efficient S0 and 1 were estimated by least square. To find the
association between the age and expression signal, a two-tailed F-test was performed to determine the
statistical significance of differentially expressed genes. Genes with the p-value less than 0.05 were
considered as age dependent (De Magalhdes, Curado, & Church, 2009; Galkin et al., 2020).

Dataset Preparation
Building up the Dataset

We collected the Human Brain Age-Related data from GEO NCBI. Data was already normalized for
datasets, the missing value and unrelated data were removed. Protein coding genes homologs were
extracted. Data is then analyzed based on the type of change it gets with aging. There are three possibilities
genes may get ‘Under-Expressed ‘, ‘No Change’, ‘Over-Expressed’ with age the data classified in three
classes accordingly.
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Defining Features/attributes- GO term for Genes

As our main intention is to create an age-related genes dataset with its entire attribute to run on the Jupiter
notebook, we have collected the instances; now we have to define its features to identify the genes which
are getting changed with aging based on the presence and absence of its features.

GO (Gene Ontology) consortium provides all information related to genes and genes products of almost all
species (Breskvar & Dzeroski, 2020; Wan & Freitas, 2015; Wolf, Simdes, & Valente, 2021). We describe
our age-related genes by GO features which are represented by the absence or presence of a “GO term”.
We have used these “GO terms” features as they are easy to interpret. We have retrieved a list of GO-terms
associated with genes (instances). Finally, we have a dataset with about 17K genes which we take as
instances, and about 7K features (GO terms) which are their attributes.

Setting up the classes from the dataset

As mentioned above the genes might get three types of states with aging.

1. Tt may get ‘Overexpressed’ which means an increase in the production of gene products which
results in numerous genetic alterations or modifications.

2. It may get ‘Under expressed’ which means a decrease in the production of gene products which
results in numerous genetic alterations or modification

3. “No change’ may not get any change.

We created the three classes.

Theoretical Framework

We have used an anaconda Jupiter notebook to implement a forest model on the said dataset using python
3.

Train-Test Split

First of all, the dataset is divided into testing and training data using the sklearn library (python). The
purpose of the training dataset is to build and enhance the capability and performance of machine learning
algorithms, which is predicted test data. Although this is a very easy and fast method to perform, in some
situations, it doesn’t work properly e.g., when the dataset is small, after a train-test split, there wouldn’t be
sufficient data for the model to learn the efficient mapping of inputs to outputs.

In the train-test procedure, the dataset is subdivided into two subsets.

» Train Data: Used to build the ability of machine learning model to evolve.

» Test Data: used to evaluate the trained model on real data, instead it is used to make predictions
and results are being compared with the expected values.

This function has one major parameter that is the size of test and train sets. In python, it is commonly
expressed as a percentage between 0 and 1. There is no optimal split percentage. We have tried three
different ratios size on our dataset and couldn’t find major difference in the accuracy of the model.

The complete step by step process is depicted in Figure 1.
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Figure 1: Flow chart of whole cited work

Data is highly unbalanced towards ‘N’ class as shown in the graph below:
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Figure 2: Data Representation without sampling
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We performed a sampling of the data to make it balanced. The balanced dataset is shown in the graph
below:
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Figure 3: Data Representation with sampling

The balanced dataset is now not enough to train a good model which provides maximum accuracy. The
accuracy of the same model with a new balanced dataset was reduced massively.

We have applied a random forest algorithm to the dataset and trained the model to make predictions about
the same dataset for future values. The shape of the final dataset is shown in the graph below:
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Figure 4: Distribution of Data

The Random Forest Algorithm

This algorithm is essentially provides decision-making based on the divide & conquer rule. Forest means
an assortment of decision tree classifiers. Whereas, the generation of the decision tree is based on the
selection of multiple attributes including information gain, gain ratio, and Gini index for each attribute.

1. Select random samples from a given dataset.

2. Construct a decision tree for each sample and get a prediction result from each decision tree.
3. Perform a vote for each predicted result.

4. Select the prediction result with the most votes as the final prediction.
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Above mentioned major steps of the Random Forest Algorithm are depicted in Figure 5.

Training Training
sample 2 Y sample n

L

Test Set

l

Figure 5: Working of Random Forest Model

The reason for selecting a random forest algorithm is that this algo is suitable for both classification &
regression issues. Since this algorithm supports supervised learning, therefore most suitable for accurate
results in bioinformatics applications. It uses a typical decision tree approach. For making predictions it
works on building multiple decision trees and merging them.

Generally, there are two major steps in working of random forest model, the first step is creating a random
forest by building multiple trees, and the second step is used to predict using the random classifier.
Pseudocode for building random forest model is written below:

Building a Random Forest:

Randomly select x’ features from the total [ features where x<<f
Calculate the node ‘d’ by using best split point, from all the x’ features
Split the node into child node by using best split.

Repeat step 1-3 for ‘n’ number of times for ‘n’ trees.

Rl

After building a random forest, the next stage is to make the predictions from the built forest.

Pseudocode for prediction in Random Forest:

1. Get the rest features and use the rvules of each decision tree to predict the outcome and store the
predicted outcome as a target.

2. Calculate all the votes for each predicted target.
3. Consider the target which gets more votes as the final prediction.
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Working of Algorithm

Random forest algorithm which used to reduce variance and retain the bias. For each tree select a sample
from s where s shows ith sample such that for each node, randomly opt a subset ‘x’ of the features rather
than examining all the possible feature-splits for the set of feature f such that x < f. The node then splits on
the best feature in x rather than f. In practice, x is much smaller than f. Deciding on which feature to split is
usually the most computationally expensive aspect of decision tree learning. Narrowing the set of features
will speed up the learning of the tree.

The pseudocode is illustrated in Algorithm I.

Algorithm-I The Random Forest

Precondition: A training set 5: = (x1, y1), .. ., (xn, yn), features f, and number of trees in forest n.

1 function RandomForest (S, )
2 M&D

3 fori=1,...,ndo
4 5 (i) ¢ Asample from S

5 mi ¢ RandomizedTreelearn (5 (i, f)
b Mé& M U {mi}

7 end for

8 return M

9 end function

10 function RandomizedTreelearn (5, )

11 Ateach node:

12 x & very small subset of F

13 Split on best feature in x

14 return the learned tree

15 end function

The flow chart of how Random Forest works is shown in Figure 6. There are following three main
parameters for building random forest. The most significant parameter to select is mtry. Whereas, the
default value is the better choice in most of the cases. The second parameter is the Random Trees (ntree)
number of trees to grow for each forest. Third one is node size, smallest of the terminal nodes. Random
Trees are built during the training phase. In this step, the training set is being randomized with two
methods.

In the first method, Re-sampling of the training set is done by preserving the actual data set. This dataset
has 66% of unique instances for a given Random Tree, and these instances are called In-Bag instance sets.
The remaining set is named as ‘Out of Bag’ (OOB) instances of the random tree. The second method for
randomness is the split-node of the random tree.

Randomly chosen from a subset of size mtry (parameter), instances are then split into further two child
nodes according to the conditions based on the values of the selected feature. The final prediction is
generated as output (Zahn et al., 2007) proposed this approach to build a random forest.
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Figure 6: Flow chart of Random Forest Algorithm
Measuring Features Importance

The large and complex data and its high dimensional nature have created a need for feature selection
techniques. There are two most important goals of feature selection:

a) Improve model performance and avoid overfitting.
b) Gaining insight of the elementary processes generated the data.

Random Forest directly performs the feature identification process. Feature importance is used to rank
features and there are several ways to define the measures.

Training Model with Python on Jupiter Notebook

This work uses sklearn library of python to train random forest algorithm on the dataset of genes
expression.

train test split (x, vy, test_size = 0.33)
The test size parameter shows the percentage of split e.g., in above case test_size=0.33 means split the 33%
of the dataset for testing and train the model on 67% of dataset which is training set. After splitting the test-

train model was selected as Random Forest Classifier from sklearn and fit function on test-train split
dataset. Complete details of classifier are shown in table 1.
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Table 1: Detailed parameters of Random Forest classifier

classifier = RandomForestClassifier (n_estimators = 100,
criterion="gini")
classifier.fit (x_train, y_train)

RandomForestClassifier (bootstrap = True,
class weight = None, critserion="gini',
max_depth = None, max features ='auto',
max leaf nodss = Nons,

min_impuity decrease = 0.0,

min impurity split = None,

min samples leaf = 1,

min_samples split = 2,

min weight fraction leaf = 0.0,
n_estimators=100, n_ jobs=Nons,

ool score = False,

random_state = None,

verbose=0, warm_ start = False)

This work uses gini criterion for feature selection as gini importance provides the superior means for
measuring the feature relevance.

Gini Index or Gini Impurity

Gini index or Gini impurity measures the probability of a particular instance to be wrongly classified when
it is chosen randomly. The degree of Gini index varies between 0 and 1, 0 means all the instances belongs
to one class means there is no impurity, similarly 1 means instances are distributed among the classes and
0.5 means instances are evenly distributed.

If we have c classes and p(i) is the probability of picking a data point with class | then Gini index is
calculated by the given formula

G=Zp(i)c=*(1-p(i))
The random forest model in this work uses gini importance to calculate the importance of each feature.
Gini importance is also known as total decrease in node impurity i.e. how much the model fit or accuracy
decreases when you drop a feature. Larger the decrease more significant the feature is. So here comes the

mean decrease, mean decrease is a significant parameter for feature selection. The gini index can describe
the overall explanatory power of features.

Results and Discussion
Predictive Accuracy Results

Random forest model was trained with the said dataset and features shown in table 1 without feature
selection. The model shows the average accuracy about 96% as shown in the picture below:

Table 2: Accuracy of Model without feature selection

1. classifier=RandomForestClassifier{criterion="ginl")
2. classifler.fit{x_train, v_trainj
3. classifier.score(x_test, y_test)

0.926585778781038030
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Here in the third line the variable classifier holds our trained model and score (x_test y_test) shows the

accuracy of the model.

Here it shows 0.9658577878103838. Which we can interpret as 96.58%. We have used the area under the
Receiver Operating Characteristic Curve (AURQOC), it is a plot of the classifier's true positive rate (TPR).
These rates are computed for each class by random forest using the [0, 1] threshold range. Each threshold
produces a point in the ROC curve. To acquire a single accuracy measure from the ROC curve, we

calculated the Area under the Curve (AURQOC).

An AUROC value indicates:

Table 3: Threshold values of AUROC

1.0

Perfect classifier: all instances are correctly classified in prediction

0.5

A classifier with random performance

0.0

Worst classifier: most predictions are wrong

We have also computed the accuracy of our model with the ROC area which is shown in graph below:

0.4

True Postive Rate

0.2

ROC Curves for RandomForestClassifier

= ROC of class O, AUC = 0.67
ROC of class N, AUC = 0.69

= ROC of class U, AUC = 0.66
==+ micro-average ROC curve, AUC = 0.98

==+ macro-average ROC curve, AUC = 0.67

0.2 04 0.6 0.8 1.0
False Positive Rate

Figure 7: ROC Curves for Random Forest Classifier

This accuracy is about a train-test data split. In next step mpdel is test by a given test case i.e. we uploaded
a csv file containing all the features of a gene instance and the model will predict the type of change it will

get with ageing as shown in the table below:
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Table 4: Prediction with test case

l.test = pd. read_csv (1" C:\...\testCase.csv")
2. prediction = classifier.predict(test.values)

if prediction == '0"
print ('Genes is Over_Expressed’)
else if prediction == "U":
print ('Genes is Under_Expressed')
else if prediction == "N":
print ('Genes has no changes')

Test file is uploaded in csv file as at this time where feature selection has not been performed yet; each
instance has 7489 GO terms or features. In first line model reads the test case and in second line a variable
named prediction holds the predicted class name. Predict() method returns the learned label for each object.
In the code below we maintained prints for all our three classes.

Feature Selection

Model shows pretty good accuracy but each instance have so many features, to remove unimportant
features or just to select important features we use feature selection method of random forest which ranks
the most important features and eliminate the extra features. Features and their importance are given in
Table 6 (Appendix). To select features which have higher contribution in the final prediction we used

following code:

Table 5: code for feature selection and training model with reduced features

ISSN: 2308-7056

sfm = SelectFromModel (classifier,
threshold=0.001)

sfm.fit (x_train, y_train]

Xitrain 1 = sfm.tranzform l:x_trai.n}
Xtest_l = sfm.transform (x_test)

ReducedFeaturesMaodel =
RandomForestClassifier(criterion="gini')
ReducedFeaturesModel.fit {Xtrai.n_]_, }'_trai:ﬂ_}
BeducedFeaturesModel.zcore (Xtest_l, var)

feats = {} # a direct to hold feature_name:

feature_i.mpnrtance

for feature, importance in zip (feat_labels,

ReducedFeatureslIudel.feature_impurtances_]:
feats[feature] = importance

importance = Pd' DataFrame.from_dict (feats,

orient='Index').rename (columns = {0: 'Gim-

importance'})

importances.zort_values (by='Gini-importance',
ascendi.ng: False, i.np]ace :Tme)
importance. Plot I:ki.nd:'bar', ﬁgsizez [70,3], color

= 'rghkyrnc', font size = 25]
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In above code first of all in first cell, we applied the feature selection model on our classifier or trained
model with the threshold of 0.001 means no feature with the gini importance value of less than 0.001 would
be important. In second cell we trained the model with reduced features. And accuracy of the model with
reduced feature is not effected. Before feature selection we had 7490 feature but now we have 121
significant features which shows more effects on ageing. This is a big difference in dataset. But
surprisingly our model still shows 96% average accuracy. AUROC graph of the model with reduced

features is shown below:
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Figure 8: ROC Curves for Random Forest Classifier

Classification report of model with or without feature selection is shown in the heatmap below:

RandomForestClassifier Classification Report
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Figure 9: Classification report of model without feature selection
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Heatmap below shows the classification report of model that is trained with reduced features.

Clannification report
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Figure 10: Classification report of model without feature selection

Third cell contains a dictionary that have reduced features with their respective importance, in forth cell the
code is used to make a graph of selected features. The graph 1 shows features or GO terms along with their
importance.

B
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Graph 1: Feature importance
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Conclusion

In this work, we used a random forest algorithm for identifying and labeling the differentially expressed
genes with aging. As aging is an irreversible process and it causes major changes in the human body, in this
work we trained our model to find the changes in gene expression with aging. These changes are
categorized into three classes i.e.

1. Class label ‘N’ which represents no change in gene expression with ageing.
2. Class label ‘O’ represents over expression of genes with ageing
3. Class label ‘U’ represents under expression of genes with ageing.

Random Forest Algorithm shows high predictive accuracy. Gene expression data is very complicated and it
contains thousands of features of an instance. Random forest provides a feature selection method through
which we can reduce the number of features and make the data less complicated by just having the most
important features. First of all, we trained our model on the original dataset and get average accuracy of
about 96% then we applied the feature selection method and trained the model on the dataset with reduced
features, and analyzed the accuracy of the model again its average accuracy was around 96%.

Random forest algorithm classified genes expressions with pretty good accuracy. From the results of this
work, we have listed the most significant features of genes which are useful for interpreting aging in
humans e.g. overexpression of inflammation genes i.e. GO:0043020 is one of the major changes that occur
during aging is the dysregulation of the immune response, leading to a chronic systemic inflammatory state.
Among the dysregulated proinflammatory mediators, cytokines and chemokines are major culprits in the
development of chronic inflammation and the immuno sensor process. In this work we have used GO
terms we will use some other ontologies in future work also we intend to apply machine learning
algorithms to predict diseases relevant to aging.
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