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ABSTRACT

Real time stream processing demands processed outcomes in
minimal latency. Massive streams are generated in real time
where linear relationship is determined using correlation.
Existing approaches are used for correlating static data sets such
as, Kendall, Pearson, and Spearman etc. These approaches are
insufficient to solve noise free online correlation. In this paper,
we propose an online ordinal correlation approach having
functionalities such as single pass, avoiding recalculation from
scratch, removing outliers, and low memory requirements. In
this approach, Compare Reduce Aggregate (CRA) algorithm is
used for determining association between two feature vectors in
real time using single scanning technique. Time and space
complexities in CRA algorithm are measured as O(n) and 0(1),
respectively. This algorithm is used for reducing noise or error in
a stream and used as a replacement of rank based correlation. It
is recommended to have distinct elements and less variability in
the streams for gaining maximum performance of this algorithm.
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1 INTRODUCTION

A linear relationship between two data streams is determined by
using a straight line [1]. Here, data streams are used as a series
of variables arrive from two different sources. An association
between variables can be computed by applying correlation
techniques [2]. In correlation techniques, an online approach
may provide better understanding about linear relationship of
streams in real time. This online correlation algorithm is helpful
for various applications such as, determining odd streams,
calculating fluctuation in streams, event based response over
streams etc. [3].

Online correlation approach benefits can be understood by
real time tweets from Twitter Api [4]. A real time application of
cricket matches (as an event) is illustrated in Figure 1 along with
its associated tweets count in time based manner. In Figure 1,
two matches such as, RCB vs. RR and MI vs. DC, occur one after
another. Therefore, the discussion on Twitter platform shows
variable aggregated hash tag in time series manner. Here, hash-
tag is aggregated for a fixed number of time slots. Figure 1
clearly indicates that a frequency of particular event is increased
with the occurrence of event. This graph can be used to find
correlation between two real time events, whereas correlation is
discussed in subsequent sections.

Cricket Hash-Tag trends on twitter
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Figure 1: Real time Cricket matches hash-tag trends on
twitter.

Correlation is a technique in data analytics used for various
purposes such as, feature selection, finding linear relationship,
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determining trends etc. Correlation can also be used for
reliability, validation, prediction, and verification process.
Correlation is achieved by comparing two different feature
vectors. A comparison between data streams of two feature
vectors may provide results as positive, negative and neutral
followed by a factor of correlated strength [5, 6]. A positive and
negative correlation is depicted in Figure 2a and Figure 2b,
respectively. These figures of different correlation illustrate
dependency of ‘y’ streams over ‘x’ streams.
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Figure 2: Types of correlation.

An association between ‘x’ and ‘y’ streams is determined
using correlation approach such as, Pearson product moment
coefficient and various Rank based correlation approaches.
Among them, Pearsons’s coefficient of correlation is the most
popularly used correlation approach. It can be used either in
historical data sets or in online approach. Pearsons’s coefficient
of correlation equation 1 and equation 2 are used for computing
coefficient of correlation that can also be applied over historical
data sets. Online correlation is performed using equation 3,
where it may not require sample mean to perform correlation.
Here, N and n represent population size and sample size,
repectively.

(i — 1) Vi — 1y)
N
Lo =0 — )

n—1

population covariance gy, =

Sample covariance Sy, =
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o
coefficient of correlation p = 24
0x0y
. . s
Sample coef ficient of correlation S = S"S" 1)
xSy

By placing equation of covariance upon standard deviation
will provide equation (2).
Sample coef ficient of correlation
[Z?:O(xi -0 — }_’)]
n—1

[Zl l(xl _x)Z I:Zl l(yl Y)Z]
(2)

Equation 2 is modified for real time processing where sample

mean is removed and equation 3 is obtain. This equation is
beneficial for determining real time correlation.
Sample coef ficient of correlation

[Zl L XY %}
M} x [21113’1'2 —M}
®)

An online correlation may be performed by using various

[Zl 1%

approaches such as, two-pass approach, naive one-pass,
incremental one pass etc. In equation 3, Pearsons’s coefficient of
correlation results in computation for each streams generation.
There are certain drawbacks associated with using Pearsons’s
coefficient of correlation equations. It is strongly sensitive
towards outlier, noises present in data streams. Second, its
performance is limited at the time of heteroscedasticity in static
data [7]. Heteroscedasticity is a situation where independent
variables possess similar variance but increase in error, as it is
unbiased towards square of mean difference. It can be overcome
by effective use of windowing mechanism.

Another form of correlation is ordinal association or rank
based correlation. Some of the rank correlation techniques are
Spearman Rank Correlation, Goodman Kruskal’s gamma,
Kendall’s Tau, Somer’s D, etc. Among them, two most popularly
used Rank correlation approaches are Kendall’'s Tau and
Spearman Rank Correlation Coefficient; the corresponding
equations are mentioned in this paper as equations (4) and (5)
respectively. In Spearman Rank Correlation, rank has been
assigned to attributes either increasing or decreasing order. In
equation 4, Spearman Rank coefficient of Correlation p (Rho) is
derived.

o _s(z )
p=1-=00 4

Here, d indicates difference between two ranks with n
number of observations, whereas f is calculated for repeated
items. In case of similar items, a set of additional computation is
required. A combined rank is allotted which can be determined
as sum of rank for total similar items divided by total number of
items. Here, m indicates repeated counts in a data sets whereas
‘f’ is determined using following equation.

m(m? — 1)
===
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Whereas relative rank is assigned in Kendall’s Tau approach
as shown in equation (5). Where ‘S’ indicates overall sum and ‘n’

is number of items.
28
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The major drawback of using rank based correlation is as
follows. Rank correlation may not be used as online algorithm.
Here, the entire data stream has to be available for respective
rank allotment. Allotment of ranks itself requires multiple
scanning because this approach is similar to sorting a data in a
set. Rank based correlation is based on approximation as it may
behave similar for multiple streams sample size. Rank correlation
is depicted in Table 1, where a window size of 5 elements is used
to assign a respective rank. In first pass, element 55 assigned to
rank 1 whereas other elements are marked with ND (not
defined). Next pass 37, 25, 15, and 12 is assigned as rank 2, 3, 4,
and 5, respectively. A total of four passes occurs for complete
assignment of rank, or in other words rank assignment require
four complete scanning for five data elements.

Compare Reduce Aggregate (CRA) algorithm uses single
scanning to provide correlation results. Here, six different
parameters are used to determine correlation. These parameters
are updated with every passing data streams. A correlation may
be determined in any time interval by using this parameters.

The paper is organized as follows. Section 2 explains about
related work on the field of real time stream processing by
correlation. Section 3 describe about our proposed algorithms.
Section 4 describes the experimental setup, implementation, and
result. Section 5 concludes the paper with future work

Table 1: Number of passes for Rank correlation.

Window of  1stPass 2MPass  39Pass 4t Pass
size 5

25 ND ND 3 Rank 3 Rank

15 ND ND ND 4 Rank

37 ND 2 Rank 2 Rank 2 Rank

55 1 Rank 1 Rank 1 Rank 1 Rank

12 ND ND ND 5 Rank

2 RELATED WORK

Online algorithms differ from traditional algorithms, where data
sets are available from the beginning. The most popular online
algorithms are Probabilistic counting, count-min sketch, top-k
element problems etc. [8, 9, 10, 11]. Few research has been
performed to determine linear relationship between data
streams. A brief literature survey is performed as discussed
below. A Boolean representation of time series streams is
performed, where a streams is compared with a mean value of
the stream [12]. The combination of Boolean streams is used for
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determining correlation between two sets of data. Distributed
Correlation is applied over streaming time series data in sliding
window manner [13]. Here, Pearson’s correlation coefficient is
applied over two consecutive sliding windows. Correlation is
used in pre-processing phase of data mining for feature selection
[14]. In multidimensional data analysis, Pearson’s correlation
coefficient is applied on static data [15]. Linear relationship
between two variables of stock market is achieved through real
time correlation [16].

In short, research works heavily depend on Pearson’s
correlation coefficient for determining linear relationship of data
stream. Whereas, rank based correlation reduces noise, outlier in
a data set but requires whole frame of data. Rank correlation is
limited to correlation for fixed sized window because of multiple
scanning of data as seen in Table 1. These multiple scanning or
passes are not suitable for use cases, which requires a real time
rank based correlation. Therefore, CRA correlation algorithm is
used for an online version solution of rank based correlation.
This approach for streaming data with least computational cost
would be beneficial, where result is to be calculated in real time.

3 CRA ALGORITHM

We have proposed CRA algorithm, which is helpful for
determining linear relationship in real time between two data
streams. This algorithm can be applied for more than one feature
vectors in a given time stamp. It receives data streams as an
input and produces output as ranges from -1 to 1. CRA algorithm
notations and its working are discussed in subsequent section.

CRA algorithm is executed by performing three different
operations sequentially such as, compare, reduce and aggregate.
In comparing stage, two different data streams are compared
with one another. These compared results will assign as ‘1’ or ‘-
1’ in reducer stage, the ‘1’ indicates a compared stream is greater
whereas, -1’ indicates vice-versa. In this algorithm, ‘1’ and ‘-1’ is
termed as high and low values. The last stage aggregates an
overall high and low value.

In CRA algorithm, two streams of s; and s; are compared in
one pass. A single scan may produce six different attributes
namely, h1,11,h2,12,s and d that are shown in Table 2.

Table 2: Notation.

Symbols Definition

hl Positive similarity between first stream

11 Negative similarity between first stream

h2 Positive similarity between second stream

12 Negative similarity between second stream

s Positive similarity between first and second
streams

d Dissimilarity between first and second
streams

w Weight Associativity i.e. positive, negative or
neutral

fi Feature vectors of stream, where i = 0 ton
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s; stream is reactive to hl andl1, where these variables are
adaptive for each record. In any instance, these variables may
produces a recent processed values. Whereas, s; stream produces
variables such as, h2 and l2. A combined similarity comparison
between s; and s; streams are stored in variables s and d. These
parameters may help to provide linear relationship between s;
and s; streams by equation 6. Maximum of variables s and d
provides a direction of positive or negative growth. A max(s, d)
is subtracted by mode of difference between |kl — 11| and
|h2 —12]. The total terms divided by the sum of sand d. A
number of records ingested for computation in a particular time
slice is always (s + d + 1).
max(s,d) — |(lh1 = 11| —
s+d

[h2 —12])]

Correlation = (W) *

(6)
Weight (W) is associated with the direction of relationship,
which will be computed by using three different cases as shown
below. Positive and negative association is determined in any
instance by placing respective variables in following cases.

Casel |hl1—I1|=|h2-12]=|s—d|
|h1 — 11| + |h2 — 12|
wW=-1vV > >s—d
|h1 — 11| + |2 — 12|
w=1v > <s-—d

Case I works for equal mode differences of |h1 — (1], |h2 — I2|
and |s — d|. W is assigned with -1 when the average sum of
mode difference is greater than differences occurred by two
streams and 1 is assigned in other condition. This special case
occurs majorly when streams possess a strong positive or
negative relationship.
CaselIl |hl—11|=|h2—12]|# |s—d]|

|[h1l — 1] + |h2 — 12|

w=-1, > |s—d|
|h1 — 11| + |h2 — 12|
w=1v > <|s—d|

Here, case II is similar to case I with difference in on comparison

with mode value of (s —d). This case majorly falls in the
bracket of deciding weak to strong linear association.

Case Il |h1 —I1]| # |h2 — 12| # |s — d|
W = -1,V max |((h1 — (1), (h2 — 12)))|
+ remain((hl —11),(h2 — 12)) > |s — d|
W =1,V max |((h1 — (1), (h2 — 12)))|
+ remain((hl —11),(h2 - 12)) < |s — d|
It is the most general case used for determining weak to
strong linear relationship. Here, difference of (h1l —11) and
(h2 — 12) are not absolute. The maximum value is added with
remaining elements of the set. This approach can be explained
through an example of two sets of feature vectors. Let us
suppose that real time streams are generated in any time stamp
such as, f; ={25,35,40,55,45,60,70,85,95,98} and
={32,44,51,49,44,55,61,68,72,79 }. These elements are
compared and reduced simultaneously. The reduced values are
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aggregated in the form of h1,11,h2,12,s1 and d. The calculation
performed by CRA algorithm and final results of variables
h1,11,h2,12,s1 and d1 are depicted in Figure 3. These variable
are adaptive to change for every arrival instance. In this figure,
the variables satisfy case III of CRA algorithm. Strength is
calculated by placing the values in equation 6.

W)+ (@8)—abs(5-7) W)=*6

8+1 9

= (W) = (0.66)

Here, (W) is calculated by using case IIl of CRA equation, by
placing the values we got (W) = —1. Therefore, the final
calculated value is —0.666, which lies under negatively
correlation.

CRA Algorithm 1 consists of three conditional statements
executed after every entries of stream. The n streams provide 3n
comparisons, whereas three comparisons are required for
determining sign and one constant equation used for finding
correlation. Therefore, the polynomial equation is 3n+3n+1 for
this algorithm. Upper bound of this polynomial equation is O(n),
which is the time complexity of this algorithm. This algorithm
uses six variables for storing n numbers of stream. A constant
number of storage provides constant space complexity.
Therefore, space complexity for this approach is constant O(1).
Pseudo code for CRA algorithm is shown below as Algorithm 1.
Here, input parameter receives data streams of length varies
from 1 to n. In this algorithm, stream length of one is considered.
This algorithm produces correlated result in output parameters.
In line 2 to 8 and 31 to 36 initialised with temporary variable and
six essential variables. Here, three different cases as mention

correlation =

above are placed on line number 49, whereas line 47 is used
correlation calculation.
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Figure 3: CRA algorithm example.
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Algorithm 1 : CRA algorithm

In this algorithm, temporary variables size_x, size_y,i and j are
used. Here, two different procedure is defined for generating six
essential parameters for CRA. The procedure binarized_1 (argl,
arg2) generates four parameters, ie., xI1, y1, x2, and y2. The
procedure binarized_2 (argl, arg2) calculates correlation (corr)
and check for cases I, II, and III.

Input parameter: data stream ‘s’.

Output parameter: correlation result.
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44.
45.
46.
47.
48.
49.
50.
51.
52.
53.

t2 = |x2 —y2|
t3 = |diff_1— oth_2|
/* correlation equation */

Corr = max(dif f;, othy) — |t1 — t2|/total_size

/* calculate w equation */

check for three possible cases

end procedure

procedure call(void)
binarised_1(vall, val2)
binarised_2(val3, val4)

1. procedure binarised_1(argl,arg?2)

2 x1=0

3 yl1=0

4. x2=0

5. y2=0

6 i=1,j=1

7 size_x = length(argl)

8. size_y = length(arg2)

9. repeat

10. if (arglli] < argl[i +1])

11. x1=x1+1

12. else

13. yl=y1l+1

14. i=i+1

15. if (i == size_x)

16. break

17. repeat

18. if (arg2li] < arg2[i +1])

19. x2=x2+1

20. else

21. y2=y2+1

22. j=j+1

23. if (j == size_y)

24. break

25. end procedure

26. procedure Binarized_2(arg3, arg4)

27. diff 1=0

28. oth .1=0

29. i1=1

30. jl=1

31. sizel = length(arg3)

32. size2 = length(arg4)

33. repeat

34. if((arg3lil] < arg3[il +
1]) && (arg4ljl] < arg4lj1 + 1)) ||(arg3lil] >
arg3[il + 1]) && (arg4[j1] > arg4[jl + 1]))

35. diff 1=diff 1+1

36. else

37. oth.1=o0th_1+1

38. i1l=i1+1

39. if (i == sizel)

40. break

41. oth .2 =oth_ 1 +1

42. total_size = diff_1+ oth_2

43. t1 = |x1 —y1|

54. end procedure
55. procedure correlation()

56. for (vall =0 - ndo)
57. for (val2 =0 - (n—vall) do)
58. call(void)

59. end procedure
This algorithm can be applied over a series of feature vectors,
as mentioned from line numbers 55 to 58. Here, function
call(void) initiate the program and executed for two dimensional
feature vectors. It is implementing with the help of two for loops.
An implementation and testing of this approach is explained
below.

4 EXPERIMENTAL RESULTS

Experiments are performed on intel core2Duo CPU E7500
@2.93GHzX2. The machine has 1.8 GB of DDR3 RAM with a
disk size of 57.5GB, running ubuntul6.04 LTS x86_64. Dataset
generated by python 2.7.12 with gcc version5.4.0, execution is
performed on R programming language. We have used real and
synthetic data sets. In real data sets, mtcars, iris, USArrests, etc.
are used as real time streams in R programming for sample size
less than 100 units. Whereas, for sample size more than 1000
units synthetic data streams are used to test our CRA algorithm.
These data streams is generated using random generator with
less number of variability and repeated values.

The results are generated by performing correlation on two
feature vectors. The number of values associated with feature
vectors are computed with different length. Results is compared
with three different existing correlation approaches such as,
Kendall, Pearson, and Spearman. Results are computed with
different sets of inputs, which maps into window. A count based
window is used with three different sizes. The first window
consists values ranging from 1 to 100 units. Second window
ranges from 100 to 1000 and last window contains values greater
than 1000 units. These results will infer about CRA approach fall
into the range of other three correlation approaches.

In Figure 4, inputs size of samples is less than or equals to
hundred units. Here, variety of sample are passed through four
different correlation techniques. A graph is plotted between
different correlated results vs. different combinations of sample
size (input). The following graph shows all four approaches
inhibits similar correlation behaviour due to low sample size.
The CRA approach as compared to other methods lies in the
boundaries of Pearson’s and rank correlations. Here, sample size
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is less than 100 units. Therefore, results from Kendall, Spearman
and CRA approach shows deflection by comparing with
Pearson’s approach.

Comparison of Different Correlation Methods

— CRA

— Kendall
Pearson

— Spearman

Correlated Values
0.7
1

05

1 \ \ 1 1
1 2 3 4 5

Inputs (less than 100 units)

Figure 4: Correlation of input values (input) < 100.

Whereas in Figure 5, different input sizes ranges from 100 to
1000 are included. Here, higher variability of data sets is
considered. The adequate sample size will enhance the
correlation results. Therefore, all rank based and CRA approach
show similar behaviour as compared to Pearson correlation.

Comparison of Different Correlation Methods
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Figure 5 Correlation of input values 100 < (input) <
1000.

The increased number of input sizes may saturate the
correlation results by neglecting noises, errors, similar streams.
Large number of input sizes may tends to show similar trajectory
patterns by all correlation approaches. The graph for input more
than 1000 counts is depicted in Figure 6. The higher counts of
inputs may provide correlated results, which is overlapped by
other four correlation approaches. Therefore, by considering the
results on different sizes of input streams these approach may be
suitable for various real time applications.

CRA approach helps in removing outliers to a certain extent,
where data streams are treated as ordinals. The ordinal based
comparison between data streams results incrementing by a unit
in CRA parameters. These parameters remain neutral during
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occurrence of an outliers. There are some limitation of CRA
approach which has to be considered before applying in real
time application scenarios. CRA approach is an ordinal based
association where equation (a < b) is consider as (0 or 1) and
its scalar values may not effect in correlation. If there is major
repetition in a stream, in such scenario this approach may or
may not provide better results.

Comparison of Different Correlation Methods
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Figure 6: Correlation of input values (input) > 1000.

5 CONCLUSION AND FUTURE WORK

In this paper, an online correlation algorithm termed as CRA is
proposed. This correlation technique is used for determining
linear relationship between different data streams. Space
complexity and time complexity for CRA algorithm are, 0(1)
and O(n), respectively. This online CRA approach may be used
as alternative to other static rank based correlation algorithms
for real time stream processing use cases. In future work, CRA
algorithm can modified in a manner, where attributes are able to
store the frequency count of a stream. These frequencies are
beneficial for computing correlation of identical streams.
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