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Instance Reduction Techniques for ِArabic and Hindu Digit Recognition
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ABSTRACT
Instance-based learning is competitive, in terms of classification accuracy, in many applications to more
sophisticated learning techniques such as neural networks. However, instance based learning requires storing a
large training set which requires large storage space and hence long classification time. Several general instance
reduction techniques have been developed to deal with this problem. This work presents several instance
reduction techniques that are designed for the digit recognition problem. The techniques construct a set of
prototypes, which are retained instead of the complete training set. We also present a distance function that is
used to measure the distance between an instance and a prototype. The new methods are compared with some of
the best-known reduction techniques on the handwritten digit recognition problem. The results show that the
techniques presented provide the best combination of amount of reduction and classification accuracy for both
Arabic and Hindu digits.
KEYWORDS: Instance-Based Learning, Instance Reduction, K Nearest Neighbors Algorithm, Handwritten Digit Recognition.

1. INTRODUCTION

instances. This does not only require a large storage space
but also slows down the classification process, which
may hinder their applicability in real life applications,
such as the recognition of vast amounts of digits.
This problem was addressed in the literature using
different approaches: Instance reduction techniques
(Wilson et al., 2000), Indexing techniques (Wess et al.,
1993), and early stopping techniques (Hindi, 2003).
In Hindi (2004B) we addressed the problem of long
classification time in a different way. We combined three
classification methods to classify Hindu and Arabic
digits. The methods are Naïve Bayesian, and neural
network and Instance-Based learning. The idea was to use
Instance-Based learning (the slow method) only when the
other faster methods fail to classify a new instance with
sufficient certainty. However, that method did not deal
with the problem of the high memory requirement of
Instance-Based learning.
Instance reduction techniques attempt to retain only
the important instances and discard the rest. This usually
comes at a cost, a reduction in classification accuracy
(Wilson et al., 2000 for an excellent comparison of such
techniques). Indexing techniques, on the other hand,
attempt to index instances to speed up the retrieval

In Hindi et al. (2004A), a machine’s ability to
recognize Hindu and Arabic digits was compared using
several machine learning techniques: the first nearest
neighbor (Aha et al., 1991), Naive Bayesian (Michie et
al., 1994), and feed forward neural networks using the
Rprop algorithm (Riedmiller et. al., 1993). The obtained
classification accuracies, using the three algorithms, were
much higher for Hindu digits. It was also found that, for
Hindu and Arabic digit recognition, the classification
accuracy of the first nearest neighbor algorithm is
competitive to the neural network approach and much
better than that of the Naïve Bayesian method.
The K Nearest Neighbor (KNN) is a simple form of
Instance-Based Learning. IBL systems can be efficiently
and easily trained; the training phase consists of simply
retaining a number of classified examples, which is called
the training set or instance memory. However, to produce
good classification accuracy Instance-Based learning
systems, usually, retain a large number of classified
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Table 1: A sample of handwritten Arabic and
Hindu digits.

process. Unfortunately, these techniques are suitable
when the number of attributes is relatively small and
become less effective when the number of attributes
increases. Hindi (2003) presented some early stopping
criteria that can be used to avoid searching the whole
instance memory. Just like indexing, early stopping
techniques do not attempt to reduce the number of
retained instances; they just attempt to speed up the
classification process. In Hindi (2004C) a comparison
was made between early stopping techniques and some
instance reduction techniques with respect to the
classification accuracy and the percentage of the training
set that needs to be searched or retained.

Digit

Arabic

Hindu

Zero

One

Two
Three

This work presents new reduction techniques
dedicated to the digit recognition problem, where each
instance is represented as a bit vector. The techniques
produce a set of prototypes that are retained instead of the
training set. A new instance is classified using the most
similar prototype. This work also presents a new distance
metric that is used to measure the similarity (distance)
between an instance and a prototype. The results show
that the new reduction techniques provide the best
compromise of amount of reduction and classification
accuracy.

Four
Five
Six
Seven
Eight

Section 2 describes instance-based learning while
section 3 reviews some of the best known instance
reduction techniques. Section 4 presents some new
instance reduction techniques and the distance function
we use to measure the distance between an instance and a
prototype. Section 5 compares the new techniques and
some of the best known instance reduction methods.
Section 6 summarizes our conclusions and highlights
some directions for future work.

Nine
Despite being simple, instance-based learning can
deliver good classification accuracy in many applications,
comparable to those achieved by more sophisticated
approaches such as neural networks and decision trees
(Stanfill et al., 1986; Hindi et al., 2004A). Instance-Based
learners are good when the target function is complex but
can be approximated using several local functions.
The instance memory (the training set) is usually
represented as a table, where each row represents a
classified instance and each column represents an
attribute (feature). One attribute is designated as the class
attribute.
To measure the similarity between two instances, a
similarity (distance) function is used (Stanfill et al., 1986;
see also Wilson et al., 1997 for an excellent survey of
such functions). The function that we use in this work, to
measure the distance between two instances, is the
HVDM function (Wilson et al., 1997).

2. The K-Nearest Neighbor Algorithm (KNN)
The KNN algorithm is a simple form of instancebased learning. Instance-based learning is a machinelearning method that retains a number of classified
examples in an instance memory. To classify a new
instance, the KNN algorithm retrieves the k nearest
neighbor instances and assumes that the class with
majority votes is the class of the new instance. k is
usually chosen as an odd integer such as 1 or 3.
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m

∑ d a2 ( x a , y a )

a =1

where X and Y are two instances, m is the number of
attributes, x a and y a are the values for attribute a in
instances X and Y, respectively. The distance
function, d a , between two values depend on the type of
the attribute (symbolic or numeric):
⎧vdm a ( x, y ),
⎪
x− y
d a ( x, y ) = ⎨
⎪a
⎩ max − a min

if a is symbolic else
if a is numeric

⎛ N a , x ,c N a , y , c
vdm a ( x, y ) = ∑ ⎜
−
⎜
N a, y
c =1 ⎝ N a , x
C

⎞
⎟
⎟
⎠

2

where:
•
a max and amin are the maximum and minimum
values of attribute a .
•
Na,x is the number of instances in the training
set that has the value x for the attribute a.
•
Na,x,c is the number of instances in the training
set that have value x for attribute a and belong
to output class c.
•
C is the total number of output classes in the
problem domain.
The main drawback of instance-based learning is the
need to store many instances, which requires large
storage space and increases the classification time.
Another drawback is that they do not produce high level
description of concepts that can be easily understood by
people such as rules or decision trees and also they
usually fail to provide good explanation. The justification
for their classifications is usually ‘that is the class of the
most similar example(s)’.
3. Instance Reduction Techniques
Many instance reduction techniques were developed
over the years to reduce the storage requirements and
speed up the classification time of instance-based
learning. Wilson et al. (2000) presents an excellent
comparison between many of these techniques. Instance
reduction techniques can be classified into two categories
incremental and decremental. Incremental techniques
start with an empty reduced set and augment it with more
instances to improve classification accuracy. On the other
hand, decremental techniques start with the complete
training set and remove from it instances that seem to
have minimal effect on the classification accuracy.
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Wilson et al. (2000) compare these techniques with
respect to the amount of reduction they achieve and the
generalization accuracy obtained. They conclude that
ELGrow (Caemron-Jones, 1995) and Explore (CaemronJones, 1995) are among the best reduction techniques
with respect to the amount of reduction achieved. While
ENN and RENN are among the best techniques with
respect to the classification accuracy obtained. DROP3
(Wilson et al., 2000) have the best mix of storage
reduction and classification accuracy while DROP5
(Wilson et al., 2000) seems to have the best classification
accuracy. In the following subsections, we review each of
these methods.
The Edited Nearest Neighbor Rule
The Edited Nearest Neighbor (ENN) (Wilson, 1972)
algorithm is a decremental algorithm. It starts with the
whole training set and removes from it any instance that
does not agree with the majority of its k nearest neighbors
(k is usually 3). It, therefore, eliminates noisy instances as
well as instances that are close to enemy instances
(instances of a different class). It does not greatly reduce
the storage requirement. It is, therefore, considered as a
noise elimination method rather than a storage reduction
method. The Repeated ENN (RENN) is essentially the
same as ENN but it repeatedly applies the above process
until all remaining instances have the same class as the
majority of their neighbors. Therefore, RENN is a more
effective storage reduction technique.
Encoding-Length-Based Methods
Cameron-Jones (1995) developed what he calls
“Pre/All” method, which was later called the ELGrow
method1. This method consists of two phases a growing
and a pruning phase. In the growing phase, each instance
in the training set is added to the reduced set if doing so
results in a lower cost than not adding it. This phase is
followed by a pruning phase, during which instances in
the reduced set are removed if doing so lowers the cost.
The cost is estimated as follows
COST(m, n, x) = F(m, n) + mlog 2 (C) + F(x, n - m) +
xlog 2 (C - 1)

where n is the number of instances in the training set,
m is the number of instances in the reduced set, and x is
the number of instances seen so far that are misclassified
1

The ELGrow name was given to this method by Wilson
(2000) to better distinguish from other methods.
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retained. This makes DROP2 sensitive to noisy instances.
Therefore, DROP3 uses a noise filtering technique, such
as ENN before applying DROP2.

by instances in the reduced set. F(m,n) is the cost of
encoding which m instances from the n available are
retained and is defined as
m
n!
* m
F ( m, n) = log * ( ∑ C m
j ) = log ( ∑ j! ( n − j )!)
j =0
j =0

DROP4
DROP4 is the same as DROP3 but it uses a more
careful noise filtering phase. The noise-filtering pass
removes an instance if it satisfies two conditions: 1) if it
is misclassified by its k nearest neighbors, and 2) if it
does not hurt the classification of other instances.

where log*(x) is the sum of the positive terms of
log2(x), log2(log2(x)), etc.
The Explore method (Cameron-Jones, 1995) adds a
third phase, the mutation phase. During this phase 1000
mutations are performed. Each mutation attempts to add
an instance to the reduced set, remove an instance from it,
or swap an instance in the reduced set with an instance
that was left out. The resulting change is retained only if
it lowers the cost.
Both the ELGrow method and the Explore method are
quite good with respect to the amount of reductions
performed. Moreover, the generalization accuracy of the
Explore method is good.

DROP5
DROP5 modifies DROP2 by adding a pre-pass to it.
During this new pass instances that are near their enemy
are removed first and proceeds outwards. After this pass,
DROP2 is applied until no further improvement can be
made. The first pass serves to remove noisy instances in
addition to many internal instances.
4. Bit-Vector Dedicated Reduction Techniques
In this section, we present four instance reduction
techniques that are suitable for digit instances, where
each digit is presented as a bit vector. The basic idea is to
build a prototype for each cluster of similar instances.
The prototype is simply the sum of all these instances
(which are bit vectors). The methods, therefore, differ
from the general instance reduction techniques in that the
resulting reduced set is a set of prototypes not actual
instances. The methods are all incremental; they start
with an empty reduced set and augment it with more
prototypes. The methods differ mainly in the way they
produce clusters.
The first method, which we call I2I (Instance to
Instance), begins with a randomly chosen seed instance as
a prototype. It repeatedly finds the nearest instance to this
instance, and adds it (vector addition) to the prototype if
it is of the same class (digit). This neighbor is then
marked as covered. This process is repeated until the next
nearest instance belongs to a different class. Then another
uncovered seed is selected and the process continues until
all instances are covered by some prototype. The
complete algorithm is presented figure 1.
The second method, which we call I2I2, adds another
phase to the above method. In the second phase, each
incorrectly classified instance in the training set is added
to the set of prototypes as a new prototype. This phase
increases the size of the reduced set and improves the
classification accuracy.

The DROP Family of Techniques
Wilson et al. (2000) presents several algorithms
DROP1-DROP5 that take careful note of the order in
which instances are removed. Before we review these
techniques, we need to introduce some notation. The
nearest enemy of an instance P is the nearest instance with
a different class. The associates of an instance P are those
instances that have P as one of their k nearest neighbors.
DROP1
DROP1 (Decremental Reduction Optimization
Procedure 1) removes an instance, P, if at least as many
of its associates in the reduced set would be classified
correctly without it.
DROP2
DROP2 removes an instance, P, only if at least as
many of its associates in the original training set
(including those that may have been pruned) would be
classified correctly without it. Also, DROP2 attempts to
remove center instances (that are far from enemy
instances) before boarder instances (that are close to
enemy instances). This is done by sorting the instances in
the reduced set by the distance to their nearest enemy.
DROP3
Because DROP2 removes center instances, noisy
instances, which are typical border instances, may be

- 51 -

Instance Reduction...

Khalil M. el Hindi, Eman F. Issa and Areej M. Abu Kar

Algorithm I2I
Input: A training set T.
Output : a set of prototypes (the reduced set).
Prototypes={};
// begin with an empty
reduced set
mark all instances as uncovered
For each instance I in T
If I is uncovered then
let P = I
mark I as covered
P.participants=0; // this is used to
count the
//size of the cluster
covered by P
let N be nearest neighbor of I;
While N is uncovered and N.class =
P.class do
P = P + N; / /vector addition
mark N as covered
P.participants ++;
let N be next nearest neighbor of I;
Prototypes = Prototypes + P; // add P to the reduced
set
Return Prototypes
Figure 1: The algorithm finds a set of prototypes,
where each prototype is the sum vector of
a cluster of similar instances.
The third technique which we call I2P (Instance to
Prototype), differ from the first technique in the way it
finds the next neighbor. It finds the next neighbor to the
current prototype, that is being constructed, not to the
seed instance. The fourth technique, which we call I2P2,
adds a second phase to the third technique, which is the
same as the second phase in I2I2 i.e. all instances in the
training set that are incorrectly classified by I2P are
added to the reduced set.
4.1. Measuring the Distance between an Instance and
a Prototype
It is essential for the presented techniques to measure
accurately the distance between an instance, X, and a
prototype, P. This function is used during the reduction
phase by algorithms I2P and I2P2, which measure the
distance between the prototype that is being constructed
and training instances. It is also used during the
classification (generalization) phase, to find the distance
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between a new (previously unseen) instance and the
retained prototypes. We developed the following distance
function which gave good results.
m

dist ( X , P ) = ∑ W a * (VDM a ( x a , p a ) + 1)
a =1

where
xa is the value of attribute a of instance X.
pa is 1 if the actual value of attribute a of prototype P is
greater than 0 and 0 otherwise.
Wa is the weight of the attribute a in prototype P and is
calculated as follows
⎧ Pa
⎪1 − L if
p
⎪
Wa = ⎨
⎪ Pa
⎪Lp
⎩

Xa =1
if X a = 0

where, Lp is the number of instances that were used to
construct prototype P. We also call them P’s participating
instances.
The function takes two factors into consideration
when measuring the distance between an instance and a
prototype with respect to attribute a. The first is the VDM
distance between Xa,, and pa, and the second is the weight
of Pa itself. Pa is a nonnegative integer value that
represents the sum of the corresponding attribute value of
P’s participating instances. Pa is a value between 0 and
the total number of participating instances. It is 0 if the
corresponding attribute value of all participating
instances is 0 and it is the same as the number of the
participating instances (if the corresponding attribute
value is 1 in all participating instances).
Of course, the VDM value is computed for the values
that appear in the training instances, which are 0 and 1.
Therefore, if the Pa value is more than 1 it is considered 1
and the VDM distance between Xa and 1 is used.
The value Pa also serves as a weight for attribute a. If
Pa is high that means many of the participating instances
have 1 as a value for attribute a. Therefore, if the
corresponding value in instance X is 1 then instance X
should be considered similar to prototype P. Accordingly,
the VDM distance is reduced by multiplying it by a value
less than 1. The weight value 1-(Pa/Lp) proved to be
good. If Pa is the same as La then the weight is 0.
However, if the Pa value is high while the
corresponding Xa value is 0 then the VDM distance is
slightly decreased. This is done by multiplying the VDM
distance by the weight value Pa/La.
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5. Comparing the Different Techniques
In this section, we present the results we obtained
using all different reduction techniques on the Hindu and
Arabic hand written digits. In these experiments, we used
two data sets of Arabic and Hindu digits. The first
consists of 2000 hand-written Arabic digit images
(instances) and the other consists of 2000 hand-written
Hindu digit images. Twenty volunteers took part in
building the datasets. Each volunteer was asked to write
down each Hindu and Arabic digits 10 times. These digits
were later scanned as 30 by 30 bitmap images. These
images were right aligned, and no other preprocessing
step was performed on them.
Ten-fold cross validation technique was used in all
experiments. In each experiment, 90% of each data set
was used as a training set and the remaining 10% was
used as a test set. This was repeated 10 times for each
algorithm, replacing each time the 10% test set with
another 10% of the training set.
Table (2) shows the classification accuracies and the
size of the reduced sets we obtained using each of the
above techniques. The first row shows the classification
accuracies obtained using the first nearest neighbor
algorithm using the complete data sets (100%). The table
shows that the ENN and RENN approaches are the worst
reduction techniques with respect to the amount of
reduction achieved. On the other hand, ELGrow and
Explore are the best reduction techniques in terms of the
amount of reduction achieved, however the classification
accuracies achieved are not that good. DROP2 achieves
the best combination in accuracy and amount of reduction
among the DROP family of techniques. These results are
all consistent with those reported by Wilson et al. (2000),
using other datasets. The table also shows that three of
the presented methods, namely I2I2, I2P, and I2P2
achieve better classification accuracies than all other
techniques. The best of these techniques is the I2P2
technique, which achieves classification accuracies close
to that achieved by the first nearest neighbor algorithm
(1NN), but using only 39.94% and 52.01% of the original
training sets in the Hindu and Arabic cases respectively.
In fact, the classification accuracy of the I2P2 technique
is lower than that of the first nearest neighbor algorithm
only by 0.85% in the Hindu case and by 1.9% in the
Arabic case.
Our results are also consistent with those reported in
Hindi et al. (2004A), in that Hindu digits are actually
easier to recognize than Arabic digits. Not only we have

better classification accuracy in the Hindu case, but also
most reduction techniques achieved larger amount of
reduction in the Hindu case. The only exceptions are in
the case of the ENN and RENN algorithms, where we
achieved larger amount of reduction in the Arabic case.
In fact, this also indicates that the Hindu digits are easier
to recognize than Arabic digits. Recall that ENN and
RENN are considered noise filtering techniques (because
they remove instances that are inconsistent with their
nearest neighbors), therefore, the fact that they eliminate
more Arabic instances indicate that the two algorithms
find them more noisy than Hindu digits, and hence the
lower classification accuracy.
Table 2: The classification accuracy (Accr %) and the
percentage of the retained dataset (size%) using
different reduction techniques.
Arabic
Technique Hindu
Accr% Size % Accr% Size %
1NN
95.15
100
85
100
ENN
92.35
94.16
79.8
84.28
RENN
92.3
93.89
79.3
80.06
ELGrow
81.5
4.14
64.45
4.19
Explore
84.35
5.07
68.3
5.51
Drop1
80.65
10.8
70.9
15.37
Drop2
90.5
18.37
77.15
21.44
Drop3
84.45
17.52
77.15
21.44
Drop4
89.9
18.13
77.65
22.67
Drop5
88.4
14.79
76.55
20.46
I2I
83.5
25.9
76.25
41.31
I2I2
90.55
30.63
80.7
47.02
I2P
93.85
39.61
83.1
51.51
I2P2
94.15
39.94
83.1
52.01
6. Conclusion
In this work, we presented new instance reduction
techniques that are designed for the digit- recognition
problem. We compared the new techniques with some of
the best-known reduction techniques. Our results show
that the new techniques achieve the best combination of
classification accuracy and amount of reduction. The
I2P2 algorithm yields classification accuracy close to that
obtained by the first nearest neighbor algorithm, while
retaining and thus searching only 39.94% and 52.01% of
the training set in the Hindu and Arabic cases,
respectively. Our results are also consistent with those
reported in Hindi et al. (2004A) in that the Hindu digits
are easier to recognize. They have higher classification
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accuracy and the size of the reduced Hindu set (by most
reduction techniques) is smaller than the reduced Arabic
set. We expect that the techniques presented can be useful

for similar pattern recognition problems such as the letter
recognition problem. How effective these techniques are
for such problems is a subject for future research.
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ﻁﺭﻕ ﺠﺩﻴﺩﺓ ﻟﺘﻘﻠﻴل ﻋﺩﺩ ﺍﻷﻤﺜﻠﺔ ﻤﺨﺼﺼﺔ ﻟﻸﺭﻗﺎﻡ ﺍﻟﻌﺭﺒﻴﺔ ﻭﺍﻟﻬﻨﺩﻴﺔ
* ﻭﺍﺭﻴﺞ ﺃﺒﻭ ﻜﺎﺭ، ﻭﺍﻴﻤﺎﻥ ﻋﻴﺴﻰ،ﺨﻠﻴل ﻫﻨﺩﻱ

ﻤﻠﺨﺹ
ﻴﻌﺘﺒﺭ ﺃﺴﻠﻭﺏ ﺍﻟﺘﻌﻠﻡ ﺍﻟﻤﻌﺘﻤﺩ ﻋﻠﻰ ﺍﻻﻤﺜﻠﺔ ﻤﻥ ﺍﻟﻁﺭﻕ ﺍﻟﺒﺴﻴﻁﺔ ﺍﻟﺘﻲ ﺘﻨﺎﻓﺱ ﻓﻲ ﻜﺜﻴﺭ ﻤﻥ ﺍﻟﺘﻁﺒﻴﻘﺎﺕ ﺃﺴﺎﻟﻴﺏ ﺃﻜﺜﺭ ﺘﻌﻘﻴﺩﺍ ﻤﺜل
 ﻭﻟﻜﻨﻬﺎ ﺘﺘﻁﻠﺏ ﺘﺨﺯﻴﻥ ﺍﻟﻌﺩﻴﺩ ﻤﻥ ﺍﻻﻤﺜﻠﺔ ﻤﻤﺎ ﻴﺘﻁﻠﺏ ﺴﻌﺔ ﺘﺨﺯﻴﻨﻴﺔ،ﺍﻟﺸﺒﻜﺎﺕ ﺍﻟﻌﺼﺒﻴﺔ ﺍﻻﺼﻁﻨﺎﻋﻴﺔ ﻭﺫﻟﻙ ﻤﻥ ﺤﻴﺙ ﺩﻗﺔ ﺍﻟﺘﺼﻨﻴﻑ
 ﻭﻗﺩ ﺘﻡ ﺘﺼﻤﻴﻡ ﺍﻟﻌﺩﻴﺩ ﻤﻥ ﺍﻟﻁﺭﻕ ﻟﺘﻘﻠﻴل ﻋﺩﺩ ﺍﻻﻤﺜﻠﺔ ﻭﺫﻟﻙ ﻋﻥ ﻁﺭﻴﻕ ﺘﺤﺩﻴﺩ ﺍﻻﻤﺜﻠﺔ ﺍﻟﻤﻬﻤﺔ.ﻋﺎﻟﻴﺔ ﻭﻴﻘﻠل ﺴﺭﻋﺔ ﺍﻟﺘﺼﻨﻴﻑ
 ﻴﻘﺩﻡ ﻫﺫﺍ ﺍﻟﺒﺤﺙ ﻁﺭﻕ ﺘﻘﻠﻴل ﺠﺩﻴﺩﺓ ﻤﺨﺼﺼﺔ ﻟﻼﺭﻗﺎﻡ ﺍﻟﻌﺭﺒﻴﺔ ﻭﺍﻟﻬﻨﺩﻴﺔ ﺘﻘﻭﻡ ﺒﺒﻨﺎﺀ ﻨﻤﺎﺫﺝ ﻤﻨﺎﺴﺒﺔ ﻴﺤﺘﻔﻅ ﺒﻬﺎ.ﻭﺍﻻﺤﺘﻔﺎﻅ ﺒﻬﺎ ﻓﻘﻁ
 ﻭﻗﺩ ﺘﻤﺕ ﻤﻘﺎﺭﻨﺔ ﻫﺫﻩ. ﻜﻤﺎ ﻴﻘﺩﻡ ﺍﻟﺒﺤﺙ ﻤﻘﻴﺎﺴﺎ ﻟﻘﻴﺎﺱ ﺩﺭﺠﺔ ﺍﻟﺘﺸﺎﺒﻪ ﺒﻴﻥ ﻫﺫﻩ ﺍﻟﻨﻤﺎﺫﺝ ﻭﺍﻻﻤﺜﻠﺔ،ﺒﺩﻻ ﻤﻥ ﺍﻻﺤﺘﻔﺎﻅ ﺒﺠﻤﻴﻊ ﺍﻻﻤﺜﻠﺔ
ﺍﻟﻁﺭﻕ ﺍﻟﺠﺩﻴﺩﺓ ﺒﺎﻟﻌﺩﻴﺩ ﻤﻥ ﺍﻟﻁﺭﻕ ﺍﻟﻤﺸﻬﻭﺭﺓ ﻟﺘﻘﻠﻴل ﺍﻻﻤﺜﻠﺔ ﻋﻠﻰ ﺍﻻﺭﻗﺎﻡ ﺍﻟﻌﺭﺒﻴﺔ ﻭﺍﻟﻬﻨﺩﻴﺔ ﻭﻗﺩ ﺜﺒﺕ ﺃﻨﻬﺎ ﺘﻭﻓﺭ ﺃﻓﻀل ﺘﻭﺍﺯﻥ ﺒﻴﻥ
.ﺩﻗﺔ ﺍﻟﺘﺼﻨﻴﻑ ﻭﻨﺴﺒﺔ ﺍﻻﻤﺜﻠﺔ ﺍﻟﻤﺤﺘﻔﻅ ﺒﻬﺎ ﻓﻲ ﻫﺫﺍ ﺍﻟﻤﺠﺎل
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