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Abstract - The traditional k-nearest neighbor (kNN) algorithm is one of the oldest method for classification. It benefits
from distances among examples to classify the data. The traditional KNN algorithm usually identifies the same number of
nearest neighbors for each test examples. This is one of the limitations of traditional KNN algorithm which is overcome by
an adaptive k-nearest neighbor (AdaNN) algorithm. The AdaNN algorithm finds out the optimal k, the number of the
fewest nearest neighbor to classify each test example correctly. For classifying test examples, AdaNN set k to be the same
as the optimal k of its nearest neighbor in the training data. AdaNN algorithm gives better performance than the
traditional kNN. In this paper we improved the performance of adaptive kNN algorithm using multi-threading technique.
The performance of the proposed algorithm is tested on several medical datasets. Experimental results indicate that our
algorithm performs better than the traditional kNN algorithm and adaptive KNN algorithm.

Index Terms - k-nearest neighbor algorithm (KNN), Adaptive k-nearest neighbor algorithm (AdaNN), nearest neighbors, Multi-
threading

. INTRODUCTION

The goal of classification is to accurately predict the target class for each unlabeled example using the labeled examples
present in the data. It is an active research area in information retrieval, machine learning and natural language processing [,
KNN and support vector machine (SVM) are the most used machine learning algorithms to deal with classification. In

classification, KNN is an easy to understand and easy to implement. It has a high accuracy as compare to the support vector machine
and decision tree 12,

The k-Nearest Neighbor Algorithm

KNN is a non-parametric and also a lazy learner. It does not make any assumptions on the underlying data distribution
because of its non-parametric feature. This is a major advantage of it because majority of the practical data does not obey
theoretical assumptions made and this is where non-parametric algorithms like kNN come to the rescue 2. Being a lazy learning
algorithm it does not use the training data points to do any generalization. Lack of generalization means it keeps all the training
data 21, So, the training phase is pretty fast.

Obijects are classifying in the KNN algorithm based on closest training examples in the feature space.
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FI1G.1 k-Nearest Neighbor [

The class of the training sample is same as the closest labeled sample in the pattern space if the value of k is 1 in kNN
algorithm.
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Its performance depends on the distance metric used to identify nearest neighbors. In the absence of prior knowledge, most
kNN classifiers use simple Euclidean metric to find distance between test example and training example 4. Euclidean distance is
defined as the following formula.
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In the classification process, first of all k nearest neighbors of a test example in the training set are identified. After that
according to the class labels of this k nearest neighbors the prediction can be made. Generally speaking, the distribution of
examples in every class in the training set is uneven. Some classes may have more examples and some classes may have fewer
examples than others. Therefore, the classification performance is very sensitive to the choice of the parameter k, fewest number
of its nearest neighbor. Only odd number of k values is used in KNN classification, which is to increase the speed of the system.

The performance of k-nearest neighbour algorithm also depends upon choice of k. If value of k is small, and noise is present in
the pattern space, then noisy samples can win the majority votes, which results into misclassification error. This can be solved
with larger value of k. If value of k is large, and if the portion of the class is small, then instances of other class may win the
majority votes, results into misclassification error 2. So an improved kNN algorithm focuses on finding out the suitable k, the
number of its nearest neighbors, for every test example to get its possible class label. We will describe it on the next section in
detail.

An Adaptive k-Nearest Neighbor Algorithm

AdaNN algorithm is an improved kNN algorithm deriving from the traditional KNN. AdaNN algorithm works based on the
principle that nearest neighbors has similar attributes, we can assume that the test example has the most similar attributes with its
nearest neighbor in the training set. The probability is high that a test example adopts the same kNN algorithm as its nearest
neighbor in the training set to get its correct class label. The optimal k is the number of the fewest nearest neighbors a training
example has to identify to get its correct class label when assuming it is a test example to the other training examples. Therefore,
we just need to get the optimal k of its nearest neighbor in the training set, if we want to get a test example’s label.

According to the above analysis, the idea of adaptive k-nearest neighbor algorithm (AdaNN) shown in below TABLE | [1],

TABLE |
AN ADAPTIVE k-NEAREST NEIGHBOR ALGORITHM

1) 9NN algorithm:

Inputs: the whole training examples

Output: the optimal k of each training example

The value of k may be from 1 to 9. If a training example cannot get its correct class label by using 1NN algorithm to 9NN
algorithm, we make 9 its optimal k.

Procedure:

a) For each training example, use the Euclidean distance metric to compute the Euclidean distances of it and the rest training
examples.

b) Sort the Euclidean distances to get the training example’s 9 nearest neighbors.

c) Get the training example’s optimal k by checking from the nearest neighbor to 9 nearest neighbors.

2) AdaNN algorithm:

Inputs: the whole training examples and their optimal k, the whole test examples

Output: class label of each test example

Procedure:

a) For each test example, use the Euclidean distance metric to find out its nearest neighbor in the training set.

b) Get the optimal k of its nearest neighbor and adopt the corresponding kNN algorithm to get its class label for each test example.

I1. COMPARATIVE ANALYSIS

Error Rate Analysis

The error rate of the traditional KNN algorithm is proved to be between Bayes and double Bayes [, Its accurate expression is
shown below:

P<Ps<P(2- ¢ )E., @)

The next is the error rate analysis of the AdaNN algorithm. Most of the examples in the training set successfully get their
correct class labels by identifying their optimal k nearest neighbors, according to the meaning of the optimal k. However, as to
certain training examples, they can’t get their correct class for some reason. As a result, the larger the value of k assigned to them as
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their optimal k, the higher the classification accuracy rate is in the training set. Thus, when both the number of the training
examples, M, and the number of the fewest nearest neighbors, k, approach infinity in this manner that M—o0, k—o0, the error rate
of the kNN algorithm for the training set approaches the optimal Bayes error rate. In the best case, the examples of the data set
distribute evenly and densely in a small range. Each test example is the same as its nearest neighbor in the training set; the test
example uses the same kNN algorithm as its nearest neighbor to get its class label. The AdaNN algorithm would perform best in
this case and its error rate infinitely approaches the optimal Bayes error rate. In the worst case, all the test examples use the nearest
neighbor algorithm to get their class labels, then the AdaNN algorithm degenerates into the nearest neighbor algorithm. In fact, it is
impossible that all the test examples use the same kNN algorithm to get their class labels, because the values of the optimal k of
each training example are different from each other. Therefore, we can conclude that the AdaNN algorithm can perform better than
the traditional kNN algorithm but its error rate is still between the Bayes and double Bayes [,

I11. MULTI-THREADING TECHNIQUE 11

Ability of a central processing unit (CPU) or a single core in a multi-core processor to execute multiple processes or threads
concurrently, appropriately supported by the operating system is called multi-threading. Multi-threading differs from
multiprocessing, as with multithreading the processes and threads have to share the resources of a single or multiple cores: the
computing units, the CPU caches, and the translation look aside buffer (TLB), where multi-processing systems include multiple

complete processing units.
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FIG.2 Multi-threading Process []

Aim of Multi-threading is to increase utilization of a single core by using thread-level as well as instruction-level parallelism.
These two techniques are complementary. So they are sometimes combined in systems with multiple multithreading CPUs and in
CPUs with multiple multithreading cores.

The advantage of multi-threading technique is that if a thread gets a lot of cache misses, the other threads can continue taking
advantage of the unused computing resources, which may lead to faster overall execution as these resources would have been idle if
only a single thread were executed. Also, if a thread cannot use all the computing resources of the CPU (because instructions
depend on each other's result), running another thread may prevent those resources from becoming idle.

IV. THE PROPOSED ALGORITHM

In proposed algorithm every threads do its own work and give the output to another thread and so on. Here every thread works
in parallelism. For example when thread2 doing its work at a same time threadl continue with its own work. Schematic
representation explain in below figure.

Process I

FI1G.3 Proposed Method
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Threadl: Take one test example and find out its nearest neighbor in the training set using distance metrics

Thread2: Find distances using distance metrics for test example’s nearest neighbor

Thread3: sort the distances and take 9 nearest neighbors of that training set
Thread4: Get the training example’s optimal Kk by checking from the nearest neighbor to 9 nearest neighbors and take this

optimal k as test example's optimal k

Thread5: Get correct class label of test example using majority classes of its nearest neighbor

V. THE EXPERIMENTAL RESULTS AND ANALYSIS

Data Set Used from UCI:
1) Parkinson's disease
2) Indian Liver Patient Dataset

3) Haberman’s Survival

TABLE Il
DATASET INFORMATION USED IN EXPERIMENT
DATSET CLASSES No. oF No. oF MISSING
INSTANCES ATTRIBUTES VALUES
Parkinson's disease
2 197 23 N/A
Indian Liver Patient
2 593 10 N/A
Haberman’s Survival
2 306 3 N/A

As shown in fig 4 and fig 5, when using different dataset and get the accuracy and execution time for different value of k. The
observation made from the experimental results was that the Multi-threading Adaptive KNN classification took high accuracy and

much lesser time compared to the traditional KNN and Adaptive kNN classification.
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FI1G.4 Output of Proposed Algorithm with Accuracy
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FIG.5 Output of Proposed Algorithm with Execution Time

In Figure6 average accuracy comparison of the multi-threading KNN with traditional KNN and adaptive kNN is illustrated by the
graph using three different medical dataset. Proposed multi-threading algorithm has the higher accuracy as compare with the

traditional and adaptive kNN algorithm.
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V1. CONCLUSION

F1G.6 Comparison of Average Accuracy

In this paper, adaptive k nearest neighbor algorithm is improved using multi-threading technique. Experimental result shows
that the proposed algorithm is superior than the traditional KNN algorithm and adaptive KNN algorithm. Proposed algorithm took
less time and higher accuracy than both existing algorithms. In this paper we are using three different medical datasets for
experiment. In the future work, we will further implement other classification algorithms and conduct the experiments and
consummate the parallel algorithms to improve usage efficiency, accuracy and reduce the execution time.
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