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An Improvement and Implementation of the

DPLL Satisfiability Algorithm

Munira A. El-Maksoud , Areeg Abdalla *

Abstract

This paper introduces a modification of the well known Satisfiability solver,
MINISAT. A new measure of the activity of the variable, determined by its
occurrences in the not yet satisfied clauses, is introduced. Hence, variable
activities are changed dynamically (increased and decreased) by adding and
removing clauses. It is applied on an interesting mathematical problem, in
finding the van der Waerden numbers, which are known to be very difficult
to compute.

keywords: Satisfiability, DPLL, MINISAT, Branching Rules, van der
Waerden numbers.

1 Introduction

Boolean Satisfiability Problem (SAT) is the problem of deciding whether a
given boolean formula is satisfiable or not. Since SAT is very important in
many applications, there has been many algorithms for testing the satisfi-
ability. The most well-known one is introduced in 1962 by “ M. Davis, H.
Putnam, G. Logemann and D. Loveland ”(DPLL [6]). It is considered the
basis for almost all modern SAT solvers. It is known that SAT can be used
(utilized) for solving problems of various applications after encoding them
into SAT. For mention one example, some of mathematical problems can
be encoded as SAT then solved using SAT solvers. A SAT solver(based on
DPLL [6]) is a software, and many of the SAT solvers are written in C or
C** [25]. One may design his (or her) own SAT solver for a specific applica-
tion, and in this case he (or she) has to choose between two ways, either to
build their solver from scratch which may be hard work and time consuming
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or to modify an existing solver to meet the requirements (goals). For ex-
ample, one can create new ideas in the branching rules resulting in various
versions of already existing SAT solvers.

In this research we choose to modify the MINISAT solver in terms of cal-
culation method of the activity of a variable and apply this modification in
finding the van der Waerden numbers as a mathematical application. The
rest of this paper is organized as follows: section2 concerns the Satisfiability
Problem (SAT), the relation between SAT and combinatorics and introduces
the problem of van der Waerden numbers as an example of this relation.
Section3d presents a comparison between the results of both of the solvers
VANSAT, MINISAT on a number of examples. Sectiond summarizes the
work we have done and what we intend to in the future.

2 SAT and Combinatorics

Areas of satisfiability and combinatorics may help advance each other. On
one hand, thanks to the significant efficiencies of modern SAT solvers it be-
came possible to encode many of combinatorics problems as boolean formulas
and then solve their corresponding satisfiability problems. In this scenario,
novel results in combinatorics are obtained. On the other hand, combina-
torics problems can be utilized as a rich source of structured formulas for
developing new generations of SAT solvers [7].

2.1 The Satisfiability Problem (SAT)

SAT is a central problem in theoretical computer science studied by computer
scientists and mathematicians, which can be formulated as [1]:

A truth assignment is a mapping f that assigns 0 (interpreted as False) or 1
(interpreted as True) to each variable in its domain, let us enumerate all the
variables in the domain as x1,Xs,...,x,. The complement T; of each variable
x; is defined by: f(7;) = 1 - f(x;) for all truth assignments f.

Both x; and 7; are called literals, if u = T; then uw = x; . A clause is a set
of (distinct) literals, and a formula is a family of (not necessarily distinct)
clauses. For example, {z1, T2, 23 } is a clause with three distinct literals and
{ {z1, zo }, {1, T2 }, {T1, 22 }, {T1, T2 } } is a formula with four clauses
over two variables.

A truth assignment satisfies a clause if it maps at least one of its literals
to 1, the assignment satisfies a formula if and only if it satisfies each of its
clauses. A formula is called satisfiable if it is satisfied by at least one truth
assignment, otherwise it is called unsatisfiable. The problem of recognizing
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satisfiable formulas is known as the satisfiability problem, or SAT for short.
A SAT instance is any formula for which we want to solve the SAT problem.

2.2 The DPLL Algorithm

DPLL [6] was introduced in 1962 as a refinement of its earlier M. Davis,
H. Putnam (DP) algorithm. Essentially, it is a (complete - “depth-first” -
backtracking) search algorithm. More recently, Joao P. Marques-Silva and
Karem A. Sakallah introduced Generic seaRch Algorithm for the Satisfiability
Problem (GRASP) [19] as an extension of DPLL [6] with learning and non-
chronological backtracking. In recent decades, GRASP prompts research on
conflict-driven clause learning (CDCL) solvers. Most state-of-the-art SAT
solvers as Glucose, CryptoMiniSat and MINISAT follow CDCL.

2.3 Branching Rules

The rule by which a solver selects an unassigned (free) variable and assigns it
a value (branching on) is called a branching rule. It is known that choosing a
suitable branching rule is an important since it affects the performance. Se-
lecting different branching rules for the same algorithm may produce search
trees with quite different sizes. Over the years, various rules have been pro-
posed by researchers who try to find new ideas for improving the performance
of SAT solvers. Some examples are Jeroslow-Wang [13], BOHM’s [5] and
MOMS [10].

Here, we can talk about two kinds of branching rules:
State-dependent and Variable State Independent Decaying Sum (VSIDS)
rules.

State-dependent rules Where the occurrences of literals differ by different
assignments of the variables. Hence to maintain the occurrences, the
solver should pay a high price where occurrences should be recalculated
each time a solver assigns (or un-assigns) a variable. Some examples
are Maximum Occurrence in clauses of Minimum Size (MOMS) [10]
and Dynamic Largest Individual Sum (DLIS).

Variable State Independent Decaying Sum (VSIDS) Because of the
overhead in the solver for maintaining the literals occurrences in State-
dependent strategy, new more efficient branching rules are needed.
Chaff [20] proposed VSIDS which imposes an order on literals, where
each literal has a score related to its occurrences. The activity of the
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variables is captured by the literals scores which do not depend on as-
signments. For branching, VSIDS will select the (unassigned ) variable
corresponding to the literal possessing the highest score. Periodically
the scores of all literals are multiplied by a factor less than one, hence,
decaying .

“ More recently, BerkMin [11] proposed a new strategy “ pushes the
idea of VSIDS further ”, where the activity is captured by conflicts.
More clearly, after each conflict, a learned clause is generated through
a process called “ resolution process ” and as a result, the scores of all
literals in the clauses involved in this resolution have to be increased.
BerkMin also decayed the scores periodically.

2.4 Sat Solvers

The possibility of encoding many of practical problems in diverse fields (like
software verification [12], circuit testing [23], Al planning [17]) as SAT in-
stances was the motivation for the research in developing new SAT solvers
with significant efficiencies. Some examples are multi-SAT [21], Glucose
and Syrup in the SAT’17 [4], Nigma [14](and its improved versions Nigma
1.1 [15], Nigma 1.2 [16]) and Glulu [24]. The following is a comparison
between the two solvers MINISAT, VANSAT (VAN der Waerden numbers
SAT).

MINISAT, MINImal SAT-solver, is a CDCL (CHAFF [20] - based) SAT
solver written by Eén and Sorensson. MINISAT makes no distinction be-
tween the two phases of a variable. It attaches each variable with an activity
which is increased whenever the variable appears in a conflict clause(bumping).
MINISAT bumps variables with larger and larger numbers until reaching a
limit (predefined number), at that point all variables activities are scaled
down. MINISAT uses a heap to sort the variables by the activity at all times
and for branching, it selects the variable with the highest activity [9].

On another side, VANSAT is a modification of MINISAT1.14 where the
activity of a variable is captured by its occurrences in the not satisfied
clauses. Hence, activities are changed dynamically(increased and decreased)
by adding and removing clauses.

More accurately, the strategy of VANSAT is:

I- increasing the activity of all variables that appear in each new added clause
(learnt or problem clause).

I1- decreasing the activity of all variables that were appearing in each deleted
clause (where deletion of clauses occur in many situations).
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2.5 SAT and van der Waerden numbers

The problem of computing van der Waerden numbers is one of the most
interesting examples in combinatorics which can be encoded as formulas.
These problems can be represented by parameterized formulas in such a way
that decisions concerning the satisfiability of these formulas determine the
van der Waerden numbers in question. The next two sub-subsections define
the van der Waerden numbers and discuss the SAT Encoding of them.

2.5.1 van der Waerden numbers

The van der Waerden number w(7;ty,ts,. . . ,t,) is the least integer m such that
for every partition Cy|JCalJ...|JC, of the set {1,2,...,m} , there is an
index j in {1,2,...,7} such that C; contains an arithmetic progression(AP)
of t; terms [2].

where, 7> 0 is the number of the blocks of the partition, t;’s are the lengths of
the AP’s, C,’s are the blocks of the partition and arithmetic progression(AP)
is a sequence of numbers such that the difference between the consecutive
terms, d, is constant. For example, the sequence 5, 7, 9, 11, 13, 15,...1is an
arithmetic progression with common difference(d) of 2.

Finding the value of van der Waerden numbers presents a challenging prob-
lem, since the underlying principle behind their computation is still unknown.
The interest of many researchers in van der Waerden numbers was the reason
behind the computing of many of them, Table 1 lists some of the known van
der Waerden numbers:

2.5.2 SAT Encoding of van der Waerden numbers

Given positive integers r,tq,t9,...,t, and n, we construct a SAT formula,F,
which is satisfiable if and only if n <w(r;ty,te,. .. t,).

To compute the van der Waerden numbers we use the following algorithm:

For consecutive integers m = r+1, r+2, ... we test whether the formula F
is satisfiable. If so, we continue. If not, we return m and terminate the
algorithm. (note: ty, to, ..., t, > 2 and then m > r)

Consider the following two cases :

(I) » = 2, we have n variables, x;,Xa,...,x, and two types of clauses:
(1) {Ta, fa—i—d s "’afa-f—d(tl—l) } with CLZ 1 s dZ 1 5 a+d(t1 - 1) S n
(2) {®as Tatd » -+, Tard(to—1)  Witha>1,d>1,a+d(ta—1) <n
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Table 1: SOME OF THE KNOWN VAN DER WAERDEN NUMBERS

| w(rstyte,. .. t,) REFERENCE

w(2; 3, 11) 114 | LANDMAN, ROBERTSON AND CULVER
w(2; 3, 13) 160 | LANDMAN, ROBERTSON AND CULVER
w(3;2,3,7) 55 | LANDMAN, ROBERTSON AND CULVER [18
w(3; 3, 4, 4) 89 | LANDMAN, ROBERTSON AND CULVER [18
w(4 2,2,3,0) 48 | LANDMAN, ROBERTSON AND CULVER [18
w(& 2,2, 3,7) 65 | LANDMAN, ROBERTSON AND CULVER [18
w(5: 2,2, 2,3, 3) 20 | LANDMAN, ROBERTSON AND CULVER
w(5: 2, 2,3, 3, 3) 41 | LANDMAN, ROBERTSON AND CULVER
w(6; 2, 2,2, 2, 4, 4) 56 Tanbir Ahmed [1]

w(6; 2, 2,2, 3,3, 3) 42 Tanbir Ahmed [1]
w(7;2,2,2,2 2, 3,3) 24 Tanbir Ahmed [1]

w(7;2,2,2, 2,2, 3,4) 36 Tanbir Ahmed [1]
w(8;,2,2,2,2,2,2.3,3) | 25 Tanbir Ahmed [1]
w(9,2,2,2,2,2,2,2,3,3) | 28 Tanbir Ahmed [1]

Where x; = TRUE encodes i € (' and x; = FALSE encodes i € C5 .
Clauses (1) prevent the existence of an arithmetic progression of length t;
in C; and Clauses (2) prevent the existence of an arithmetic progression of

length to in Cs .

(II) r > 2, we have nr variables, z;;’s , with i=1,2,...,n and j=12,...,r
Where the variable z; ; takes the value TRUE if and only if the integer 4
belongs to a block C; of a partition. Here , we have three types of clauses:

(1) {%’,1, Ti2 5 .-

., T, } , for each integer ¢ , to ensure that integer ¢

belongs to at least one block of the partition.

(2) {Zujs Tatdyj 5 ---

7Ta+d(tj*1),j}ﬂf0r1 S]ST,l Sagn_tj_'_l

and 1 <d < |[(n—a)/(t; —1)] , to ensure that no arithmetic progression of

length ¢; in block Cj .

(3){Tis, Tiy },for 1 <i<m,1<s<t<r toensure that integer ¢ belongs
to at most one block of the partition.
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3 Experimental work and Results

The experimental work was as follows, first, since most of the known branch-
ing rules take into account the occurrences of the variables in the clauses that
have not been satisfied we computed the occurrences of the variables in the
formulas . Codes are written to find the variables with the maximum number
of occurrences based on the above SAT encoding for the van der Waerden
numbers. The output of the programs indicated a symmetry for the number
of occurrences of the variables in the clauses. Second, we wrote a program
to generate the instances in DIMACS cnf format since the majority of SAT
solvers, including MINISAT, accept the input in this format. Finally, to im-
plement a new sat solver based on MINISAT, it is required first to install its
source-code from the MINISAT web-page and then editing it.

The following tables(except the last) show a comparison between results
of both of VANSAT and MINISAT Solvers for a number of examples of
van der Waerden numbers in terms of the number of Restarts, Conflicts,
Decisions, Propagations, Conflict literals, Memory used and Cpu Time where
VANSAT works better. The last table shows a comparison between the two
solvers for a Random-3-SAT instance.

Table 2 shows a comparison between VANSAT and MINISAT in finding the
van der Waerden number w(3;2,3,3) for the integer n=13. It is clear that the
VANSAT gives much better results in the number of Conflicts, Decisions,
Propagations and Conflict literals. It also used less Memory.

Table 2: van der Waerden number : w(3;2,3,3) for n=13
| EXAMPLE1:w(3;2,3,3), n=13 | MINISAT | VANSAT |

Restarts 1 1
Conflicts 18 1
Decisions 25 6
Propagations 274 o1
Conflict literals 132 7
Memory used 5.81 MB | 4.81 MB
Cpu Time 0s 0s
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Table 3 shows a comparison between VANSAT and MINISAT in find-
ing the van der Waerden number w(3;2,3,3) for the integer n=14 , where
VANSAT works better than MINISAT and gives less number of Conflicts,
Decisions,and much better in Propagations, and Conflict literals. It also used
less Memory.

Table 3: van der Waerden number : w(3;2,3,3) for n=14
| EXAMPLE2:w(3;2,3,3), n=14 | MINISAT | VANSAT |

Restarts 1 1
Conflicts 67 61
Decisions 76 70
Propagations 1101 985
Conflict literals 387 229
Memory used 5.81 MB | 4.88 MB
Cpu Time 0s 0s

Table 4 shows a comparison between VANSAT and MINISAT in finding
the van der Waerden number w(3;2,3,3) for the integer n=8 , though the
VANSAT works as good as the MINISAT, it used less Memory.

Table 4: van der Waerden number : w(3;2,3,3) for n=8
| EXAMPLE3:w(3;2,3,3), n=8 | MINISAT | VANSAT |

Restarts 1 1
Conflicts 0 0
Decisions 7 7
Propagations 24 24
Conflict literals 0 0
Memory used 5.81 MB | 4.81 MB
Cpu Time 0s 0s

Table 5 shows a comparison between VANSAT and MINISAT in find-
ing the van der Waerden number w(3;2,3,5) for the integer n=20 , where
VANSAT works better than MINISAT and gives less number of Conflicts,
Propagations and Conflict literals . It also used less Memory.
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Table 5: van der Waerden number : w(3;2,3,5) for n=20
| EXAMPLE4:w(3;2,3,5), n=20 | MINISAT | VANSAT |

Restarts 1 1
Conflicts 4 0
Decisions 14 19
Propagations 141 60
Conflict literals 64 0
Memory used 5.81 MB | 4.81 MB
Cpu Time 0s 0s

Table 6 shows a comparison between VANSAT and MINISAT in find-
ing the van der Waerden number w(4;2,2,3,3) for the integer n=16 , where
VANSAT works much better than MINISAT and gives less number of Restarts,
Conflicts, Decisions, Propagations and Conflict literals . It also used less
Memory and was better in CPU usage.

Table 6: van der Waerden number : w(4;2,2,3,3) for n=16
| EXAMPLE5:w(4;2,2,3,3), n=16 | MINISAT | VANSAT |

Restarts 3 1
Conflicts 255 58
Decisions 367 263
Propagations 5149 1369
Conflict literals 2810 319
Memory used 5.81 MB | 4.81 MB
Cpu Time 0.015 s 0s

Table 7 shows a comparison between VANSAT and MINISAT on Random-
3-SAT instance for clause length=3, 50vars and 218clauses, where VANSAT
works better than MINISAT and gives less number of Conflicts, Decisions,
Propagations and Conflict literals . It also used less Memory and was better
in CPU usage.
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Table 7: Random-3-SAT : clause length=3, 50vars, 218clauses
] EXAMPLEG6:Random-3-SAT \ MINISAT \ VANSAT \

Restarts 1 1
Conflicts 44 35
Decisions 58 44
Propagations 594 501
Conflict literals 130 107
Memory used 5.81 MB | 4.81 MB
Cpu Time 0.015 s 0s

4 Conclusion and Future Work

This paper concerned the Satisfiability Problem (SAT) as a central problem
in theoretical computer science and its well known DPLL algorithm. It intro-
duced the solver VANSAT as a modification of the MINISAT solver(which
based on DPLL). In other words, the paper introduced an implementation
of DPLL different from that of the MINISAT where a new measurement
of the activity of a variable is considered. Experimental results proved that
VANSAT worked better in finding some of van der Waerden numbers in terms
of the number of Restarts, the number of Conflicts, the number of Decisions,
the number of Propagations, the number of Conflict literals, Memory usage
and CPU Time.

We intend to study the symmetry that has been found in the occurrences
of the variables during implementation. We also plan to find new van der
Waerden numbers.

10
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A proposed Architecture for Shopping Association Mining

Essam Eldin Mosallam®, Reda Abd Elwahab,Alkhoribi> Mohamed Ragaie Sayed Osman®

Abstract

This paper presents Mobil application for association mining of shopping based on Apriori
algorithm. The proposed system shows and displays some offers and deals from various branches.
The system provides the analytics for the seller; as the demand for some varieties and their
weakness in other varieties and the whole application is organized on the Cloud. The architecture
includes three levels; the front-end, middle and back-end. The front-end level of the site-based
Mobile shopping application is made up of Android Mobile devices, to buy miscellaneous
products from various nearby branches. The front-end level also displays the link between items
purchased. The middle repository level provides a Web service to generate returned from relational
database. The Exchanged information and data between application and servers is stored in the
Cloud. The background level offers a Web server and a MySQL database. In this paper, we
propose a architecture that reduce the communication overhead in existing Mobile Agent-based
Distributed Association Rule Mining (MAD-ARM).

Keywords: Cloud, MCC, SaaS, Market Basket Analysis (MBA) and (MAD-ARM).

1. INTRODUCTION
We know that mobile devices are constrained by their processing power, battery life and

storage. However, cloud computing provides an illusion of infinite computing resources. Mobile
cloud computing is a new platform combining the mobile devices and cloud computing to create a
new infrastructure, whereas cloud performs the heavy lifting of computing-intensive tasks and
storing massive amounts of data. In this new architecture, data processing and data storage happen
outside of mobile devices. Cloud computing combined with data mining can provide powerful
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? Vice Dean for Educational and Student Affairs, Faculty of Computers and Information, Cairo University.

¥ Assistant Professor, Arabic Academy for Science, Technology and Maritime Transport, College of Computing and

Information Technology
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capacities of storage and computing and an excellent resource management. Data mining in the
cloud computing environment can be considered as the future of data mining because of the
advantages of cloud computing paradigm. Mobile cloud computing (MCC) is a new emerging
research field. Today's mobile devices have many advanced features such as mobility,
communication, and sensing capabilities, and can serve as the personal information gateway for
mobile users. However, when running complex data mining and storing operations, the
computation, energy, and storage limitations of mobile devices demand an integrated solution
relying on cloud-based computation and storage support. The Mobile shopping application
consists of Mobile devices which limited memory and processing speed. The Cloud, on the other
hand, provides a large storage and speed for data stores. The Mobile Cloud Computing (MCC) is
an area where three things are involved: Mobile devices, networking, and the Cloud. Data is stored
and processed on the Mobile devices on the cloud using a giant computer, and the results then are
displayed through output devices such as the monitor. Google Drive, Gmail, Google Drive and
Google Maps are already used as examples of Mobile cloud computing. Thus, Mobile cloud
computing covers the disadvantages and weaknesses of Mobile devices such as short storage area
and processing power. [1] The research is implemented in the Cloud for supermarket shopping
products. Graphical user interface (GUI) was designed by using location-based services and
association rule mining. This research covers these drawbacks and implements association rule

mining on the data gathered from the Mobile application. [2]

e Objective

This paper is specially designed for product purchasing in the city for malls and a local
market nearby the customer location. It uses Wi-Fi Global Positioning System (GPS) and Mobile
network to get the current position of the customer and displays any registered supermarket’s
branch on the server from customer’s location. Association rule mining as a technique of data
mining is used to find the offers associated with products. Technically, data mining is the process
of extraction of interesting information or patterns from data in the large database. Association rule
mining is widely used in market basket analysis. This method benefits retailers in numerous ways

for marketing or planning shelf space.

Cairo University-Institute of Statistical Studies and Research
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The paper organization
The paper is organized as follows:

2. Background: review the Mobile Cloud Computing (MCC), Market Basket Analysis
(MBA), Association Rule Mining and Location-based services

3. Proposed Architecture: review the proposed, system architecture, software and data Set.

4. Related Work: reviews the work previously done by researchers in this field of interest.

5. Conclusions and Future works: final results of this research and future work suggestions.

2. Background
In this section we review the Mobile Cloud Computing (MCC), Market Basket Analysis (MBA),

Association Rule Mining and Location-based services

2.1 Mobile Cloud Computing (MCC)

Mobile cloud computing consists of three modules: Mobile devices, communication
network and cloud as a server. The application which is large can be decomposed to smaller ones
to process concurrently. This method is called as application partition. Offloading is the process of
transferring Mobile application to cloud. This saves the device memory, processing power, and
ultimately battery consumption. The classic facilities needed by a Mobile cloud client are,
synchronization, push, i.e., updates the notifications sent by the cloud server, offline App
automatically handles synchronization and notification, network, database, inter App Bus; provides
low-level coordination between applications.[15]

2.2 Market Basket Analysis (MBA)

Market Basket Analysis is a forming technique based on the theory that if you buy a certain
group of items, you are more likely to buy another group of items. MBA uses this information to:
(1) Understand why they make certain purchases, (2) Products which are purchased together, and
(3) Products which might benefit from the promotion. This system has used the Market Basket
Analysis method for analyzing the data. The following techniques are used in the analyzing

process.[14]
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2.3 Association Rule Mining
MAD-ARM is the Mobile Agent-based distributed data mining architecture. It contains knowledge
server which works on the generation of association rule and data coming are from different
remote sites. The item sets are always upgrading on remote sites at the immobile agent. [3]
The association rules have been recently recognized as an important tool for knowledge discovery
in databases. The problem of discovering association rules was first investigated in pioneering
work in [4]. Here we examine a database of records which consist of both customer profile (such
as salary and age) and behavior (such as buying decision) information). The association rule
problem was originally proposed for the case of binary itemset data.[9] The intuitive implication
of the association rule X ~ Y is that a presence of the set of items X in a transaction also indicates
a strong possibility of the presence of the itemset Y. The measures used to evaluate the strength of
the rule are support and confidence. The support of a rule X ~ Y is the fraction of transactions
which contain both X and Y. The confidence of a rule X ~ Y is the fraction of transactions
containing X which also contain Y. A considerable amount of research effort [5, 6], has been
devoted to the problem of speeding up the itemset method for finding association rules from very
large sets of transaction data. Several variations of this problem have been discussed in [7, 8]. The
quantitative association rule problem is a generalization of the problem of discovering association
rules on sales transaction data, in which both categorical and quantitative attributes are
allowed.[10]
2.4 Location-based services

The Mobile location-based application for any shopping product was designed and
developed to find nearby branch and stores in local markets, the association among the products
purchased, display association to customer side screen, post order, and it is deployed on the Cloud
(See Figurel). The grouping of web map service APl and association rule mining using Mobile in
the cloud, it is potential to gather large-scale shopping habit of people, with lower data collection
cost. The developed application model represents an environment for data analysis, and the
proposed Algorithm is chosen dynamically at each handset. This is based on the environment
where data stream mining process runs on user’s android handset. As the data streams in

continuously, possible concept drift is updated. There is a specific central Mobile decision agent
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which switches several others stream mining agents. Stream mining agents working on local

Mobile phones decides the best possible algorithm to run on the local data.

3. Proposed Architecture

Branch within zone

Mobile Agent Item Rule
‘f Rule generation

i3

<

Ty
—

Document

Request @ based on
Item Association Rule location
manning
Frequent
item sets Location-based Web
within zone service
Association Rule

based on location

CLOUD PLATFORM

Figure 1 - Proposed Architecture Mobil Agent
Association Mining System for Shopping

Any product or application that uses the location data of Mobile subscriber is called as
location-based service. Location-based services like GPS uses the latitude and longitude data.
Defines a location-based text mining approach to categorize texts into numerous categories based
on their geospatial features, with the goals of discovering relationships between documents and
area. There are three main modules in this architecture, including geographic data group and
reprocessing, mapping forms into corresponding regions, and framing maximizes zones. Data
mining and processing are takes place based on zones. The tourism industry has also taken the
benefit of location-based services. This application is designed and established using the cloud

based platform. It discovers out the location of tourists, where they are directed or looking.
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3.1 System Architecture
The architecture of shopping application is divided into three parts as Front end, Middle

ware level, and backend.

o o ,J HTTP
e® NP~ H
ge“:‘,se‘“/ 7 JSON
{ W {
i FrontEnd | /,.-’/ : ANDROID
....... 4 /Qs-
/q'e
5
i po
<ot P

Figure 2: System Architecture. [11]

The Android open source platform is used to design and develop the shopping application.
For the end user, in front-end user can able to select particular supermarket branch in the city and
see the offers available in the specific showroom at the mall. It also provides offers of local market
which are available to users nearby location. The registered retailers can upload and remove their
offers and advertisement from this application. When the user searches for specific offers of the
showroom in a mall, then the request is sent to middleware level that is to the Web Service. Web
service acts like interface for front-end and back-end. The data exchange between front-end and

back-end of shopping application happens via middleware level. Android shopping application
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sends HTTP Request, and Web Service will send Query to fetch requested data from MySQL

database located on the cloud (See Figure 2).

3.2 Software and data Set

In this paper we used data set form supermarket that contains 4700 Records, every record has
23 Items for purchasing case registration. By using and prepare the rules for Apriori diagram and
test this data by using Weka application. The Weka is machine learning algorithm for data mining.
Weka is efficient and has a user-friendly user interface. It is fully implemented by Java language
there for it runs on almost any computing platform. However, it can only run in the local
environment.

Apriori Algorithm

e Product set: a set of items
e Kk-product_set: a product set which consists of k items
Frequent product_set (i.e. large product_set): an product_set with sufficient support
e Lkor Fk: aset of large (frequent) k-product_sets
e ck: aset of candidate k-product_sets
e Apriori property: if an item A is joined with item B, Support(A U B) = min(Support(A),
Support(B))
In the process of Apriori, the following explanations are needed:
Definition 1: Suppose T={T1, T2, ..., Tm}, (m_1) is a set of transactions, Ti= {I1, 12, ... ,
In},(n_1)
is the set of items, and k-product set = {il, i2, ... , ik},(k 1) is also the set of k items, and k-
product_set 1.
Definition 2: Suppose_ (product_set), is the support count of product set or the frequency of
occurrence of a product_set in transactions.
Definition 3: Suppose Ck is the candidate product_set of size k, and LKk is the frequent product_set

of size k.
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Scan all transactions to generate L1 table
L1 (items, their support, their transaction IDs)

3

Construct Ck by self-join

L 4

Use L1 to identify the target transactions for

L

Scan the target transactions to generate Ck

Figure 3: Steps for Ck generation

In the proposed approach, scan all transactions to create L1 which contains the products,
their support count and Transaction ID where the products are found. And then use L1 later as a
helper to generate L2, L3 ... Lk. When to create C2, make a self-join L1 * L1 to construct two
product_set C (X, y), where x and y are the products of C2. Before scanning each transaction
records to count the support count of every candidate, use L1 to get the transaction IDs of the least
support count between x and y, and thus scan for C2 only in these specific transactions. The same
thing for C3, construct three product_set C (X, y, z), where X, y, and z are the products of C3 and
use L1 to get the transaction IDs of the least support count between X, y, and z, then scan for C3
only in these specific transactions and repeat these steps until no new frequent product_sets are

identified. The whole process is shown in (Figure 3).

4. Related Work
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- In [11] this paper designed and established a location-based mobile shopping application for
malls and local markets for android platform. This application shows nearby local markets and
mall’s stores that are registered to the application. The main objective of marketing is
achieved at a very low cost in comparison of advertisements, announcements, ground level
marketing etc.

- In [12] this study has represented a recommendation engine by using association rules. The
system had been tested by existing data in terms of the accuracy and the coverage. Best results
have determined for 25 days data with 87.74% coverage and 16.43% accuracy. Processing
time was 318 minutes for those data.

- In [13] this paper, we discussed the problem of online mining of profile association rules.
Such rules may be very useful in developing relationships between consumer profiles and
behavioral information. We discussed how to use multidimensional indexing to generate
profile association rules in online fashion.

5. Conclusions and Future works

We designed this architecture after survey of the research on the use of mobile in the
purchase process using an application on the cloud computing systems and tried to improve this
service, also to monitor the influence of the factor of space and distance between the consumer
and supermarkets and calculated the distances between the place of contact of the consumer and
the nearest branches of supermarkets and the lowest prices in the same Time and therefore there
are more opportunities for the consumer. We designed a mobile shopping architecture based on
the site for the very large supermarket has many Branches of the Android platform. The main
objective of marketing is achieved at a very low cost compared to advertising, and marketing at the

regional level and so on. Data is exchanged between different levels of structural design using a

web service station that generates a JSON format for data transfer. With Mobile Computing Cloud

Computing Mobile processing and storage move to the cloud as a server, helping to save battery

consumption and extend performance or speed of implementation. In this paper we designed

architecture for the use of mobile in the purchase process of the cloud computing system and
monitored the influence of the distance between the mobile and the nearest supermarket branch to
the consumer. In future works, we can focus on small organization more precisely. The

architecture can feature more options for live stations for small household business. A broad
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market survey is needed to be done to provide marketing and selling for such developers and
products.
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Mining IoT Data Streams

Zaki. A. M.}

Abstract

Internet of Things “IoT” is the natural evolution of wireless sensor
networks, mobile computing, and cloud computing. 10T is the result of
trying to benefit from networking advances, hardware advances by
connecting every possible object to the internet. The objective of 10T is to
make every connected object intelligent enough to take decision to help
people in their live. In this paper the concept of mining IoT data streams is
reviewed. The mentioned data streams are the streams of data that are
captured by or from IoT’s objects. This research gives a short background
on loT and state a set of research questions to answer. Then, a discussion
to answer research question is conducted.

Keywords
0T, Data Streams, Edge Analytics, Edge Mining

1. Introduction

In the last decade and due to advances in networking and
virtualization a new term called cloud computing has arises. In cloud
computing, processing and storage moved to the cloud and 1/O, lite
processing and lite storage remains on the client. Cloud computing goal
was to provide a powerful and scalable services, platforms and
infrastructures to satisfy business needs on demand [Mell, 2011].

On the other hand, there were advances in mobile computing.
Mobile devices — including sensors, mobile phones, tablets, and laptops —
have become more powerful in processing, memory, storage, networking
and battery. Additionally, huge number of these mobile devices are
produced and connected to Internet. Not only mobile devices which is
connected to Internet. There are other products that are now contain an
embedded computer and connected to internet such as cars, refrigerators,
watches, TVs, air conditioner, satellite receivers, traffic lights, surveillance
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Information Systems and Technology Department, Institute of Statistical Studies and research, Cairo
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cameras and weather sensors. All mentioned devices generate streams of
data with different types. While these objects are connected to internet a
new term coined which is Internet of Things “IoT”. Traditionally
generated data is transferred to backend systems to be cleansed, stored, and
analyzed.

Machine learning algorithms are used to make these things
“Objects” intelligent. A new approach to handle these data is to bring
intelligence on the edge of the network. The new approach called edge
analytics. In edge analytics approach, data streams are processed during
the journey to the cloud [Gaura, et al., 2013] [Simoens, 2015] [HP, 2017]

The objective of this research is to provide a complete picture of
current literature in mining IoT data streams at the edge of networks. This
research tries to answer a set of questions stated in section 2. In section 3,
0T concept is discussed. Section 4 shows big data analytics approach and
its drawbacks. Section 5 introduces the concepts of edge computing, edge
analytics. Section 5 also discusses edge computing motivations,
challenges, opportunities and applications. Section 6 reviewed data stream
mining concepts and shows the algorithms and models of data mining used
with 10T. Finally, in section 7, Open issues of 10T is discussed.

2. Research Questions
Research questions to be addressed are:

Table 1 Research Questions

RQ# Description
RQ1: What are the existed approaches to mine data streams from loT devices?
RQ2: What are the reasons leading to the need to make analysis on the edge device?
RQ3: Is there any algorithm that is already adapted to work on edge devices?
RQ4: What are the benefits that returns by mining data streams on edge devices?

These questions could be expanded to be as follow:

RQI[1]. What are the existed approaches to mine data streams from 10T devices?
RQ[1.1] What are 10T Devices?
RQ[1.2] What are 10T devices characteristics?
RQ[1.3] How much Data 10T Devices collect?
RQ[1.4] How to get benefit from this data?
RQ[1.5] What are the different approaches to handle these data?
RQI[2].What are the reasons leading to the need to make analysis on the edge
device?
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RQJ[2.1] How traditional approach for handling loT data Streams works?
RQJ[2.2] What are the drawbacks of the traditional approach?
RQI3].Is there any algorithm that is already adapted to work on edge devices?
RQ[3.1] What are the existed machine learning algorithms for mining data
streams?
RQ[3.2] Which algorithm could be adapted to work on edge devices?
RQ[3.3] What are algorithms that are already adapted to work on edge devices?
RQJ[4].What are the benefits that returns by mining data streams on edge devices?
RQJ[4.1] What are the different applications of Edge Analytics?
RQJ[4.2] What are the benefits from these kinds of applications?
RQJ[4.3] What are the side effects of these applications on society?

3. Internet of Things

In this section, researcher tries to identify what Internet of Things
“IoT” is and what IoT devices are. A lot of researches try to answer these
questions. IoT could be defined as “The worldwide network of
interconnected objects uniquely addressable based on standard
communication protocols” which is RFID group definition according to
[Gubbi, et al., 2013]. This definition is a network based definition which
focuses on communication protocols and networking. It ignores the nature
of connected object. Another view of IoT is an intersection between
Internet, Thing and semantic oriented visions [Atzori, et al., 2010]. Figure
1 represents the previous definition as it considers the nature of object and
semantics of environment and communication standards [Atzori, et al.,
2010].

Gubbi give more general definition for 1oT. They define loT as
“Interconnection of sensing and actuating devices providing the ability to
share information across platforms through a unified framework,
developing a common operating picture for enabling innovative
applications. This is achieved by seamless ubiquitous sensing, data
analytics and information representation with Cloud computing as the
unifying framework” [Gubbi, et al., 2013] . From the previous three
definitions, IoT is to connect objects “Things” together with a cloud based
backend systems over the internet, these things can sense, generates and
capture data and then transmit that data to the cloud to be analyzed,
visualized and stored. Sometimes these objects have an actuator to do
tasks. IEEE defines IoT as “Internet of Things envisions a self-
configuring, adaptive, complex network that interconnects ’things’ to the
Internet through the use of standard communication protocols. The
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interconnected things have physical or virtual representation in the digital
world, sensing/actuation capability, a programmability feature and are
uniquely identifiable. The representation contains information including
the thing’s identity, status, location or any other business, social or
privately relevant information. The things offer services, with or without
human intervention, through the exploitation of unique identification, data
capture and communication, and actuation capability. The service is
exploited through the use of intelligent interfaces and is made available
anywhere, anytime, and for anything taking security into consideration.”
[Initiative, 2015] .In the previous definition IEEE was trying to define loT
with covering all perspectives and points of view.
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Figure 1 ‘Internet of Things” paradigm as a result of the convergence of
different visions, Source: [Atzori, et al., 2010]

The next question is what type of data that could be captured are and
how much this data is and how to deal with this data. Types of data that
could be captured are text in all formats, images and videos. Traditionally,
all data captured and send to cloud over network. When the cloud receives
those data, backend systems starts to clean and store it in form that
facilitates analysis, visualization process.
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Figure 2 Simple illustration of Big Data Analytics

Actually, data type is not the problem. The major problem is data
size, there is a forecasting tells that by the year 2020, there will be 26
billion connected devices and data size will reach to 40 zettabytes as
illustrated in Figure 3 [Siemens, 2017].

©® Total amount of data
® Data in the cloud

: 130 exabytes ©

Figure 3 Growth of Cloud Based data as a Percentage of total data
source [Siemens, 2017]

With this massive amount of data, the question arises, how to handle
this amount of data. The next question, dose it worth to store these huge
amounts of data. These problems will be discussed in the next section.

4. Big Data Analytics approach and drawbacks

As discussed earlier, the existed approach of big data assume that
data is collected from sensors and other things, and then transferred to
backend system on the cloud. These systems are responsible for
preprocess, store, analyze and visualize analysis results to users.
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This approach has its own drawbacks. These drawbacks are seven
according to HP [HP, 2017]: latency, bandwidth, cost, threats, duplication,
corruption and compliance. These are the drawbacks of existing approach
and reasons for moving towards edge analytics. Table 2 summarizes these
seven drawbacks. From researcher point of view these drawbacks may be
solved by moving analysis into edge. But other problems may occur.

Table 2 : drawbacks of Existing approach summary

Drawback Description

Latency Network latency may cause a disaster in critical real time application.

Where in existing approach it may take minutes before response.

Bandwidth | With huge amount of data, it consumes bandwidth to upload data on to the

cloud which will also affect network latency.

Cost To send huge amount of data to cloud, it needs high bandwidth which costs
a lot of money. In some cases, it is not needed to move all data from

sensors into backend.

Threats Security Threats like while sending data over network ( security attacks)

Duplication | Data could be duplicated while sending to the cloud

Corruption | During data transmission, data may be get corrupted due to any network

issue.

Compliance | In some critical real time application, it is not allowed to move data outside

country boundary. If the cloud is outside country this will cause a problem.

5. Edge Analytics

Edge analytics refers to the processing on the edge device at the
edge of the network. In simple words, processing and analysis is done
before sending anything to the cloud. It could be done on the edge “IoT”
device or on the network gateway. According to [Varghese, et al., 2009],
there are two layers of edge computing devices. The first is edge device
which includes “Things”. The second layer is edge nodes which include
networking devices such as routers, switches and base stations.
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Figure 4 Edge Devices, Edge nodes and Cloud
source [Varghese, et al., 2009]

Edge analytics provide a solution for the previous drawbacks of big
data model. But this also faces challenges. One of these challenges is that
IoT devices are limited or constrained in resources compared with
resources on the cloud. loT devices may face a problem in power
consumption and battery size. If analysis happened on network gateway,
this will solve the power problem. But lead to another problem which is
network gateways is a specific purpose computer system. Which means it
needs to be modified or replaced with another system capable to do
analysis. Another challenge is to adapt algorithms to run on such devices.
Challenges and opportunities are discussed in more details in next
subsection.

5.1.Edge computing motivations, challenges and Opportunities

Varghese proposes summary of motivation, challenges and
opportunities in edge computing in Figure 5 [Varghese, et al., 2009].
According to [Varghese, et al., 2009] , motivations of edge computing are
decentralizing cloud, enhancement in computational resource of client
devices, huge energy consumption at the cloud, data explosion and smart
computation techniques. Each of these motivations is discussed in

Table 3.
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EDGE COMPUTING
|
Motivation Challenges Opportunities
| /Decentralised cloud and low | General purpose |/ Standards, benchmarking
latency computing computing on edge nodes and marketplace
Surmounting resource
| limitations of front-end — Discovering edge nodes — Frameworks and languages
devices
Sustainable energy | /Partitioning and offloading |/ Lightweight libraries and
consumption tasks algorithms
| /Dealing with data explosion |/ Uncompromising Quality- |/ Micro operating systems
and network traffic of-Service and Experience and virtualisation
Smart computation |/ Using edge nodes publicly L Industry-academic
techniques and securely collaborations

Figure 5 Edge Computing Motivation, Challenge and Opportunities

Source: [Varghese, et al., 2009]

Table 3: Edge Computing Motivation

Motivation

Description

Decentralized cloud

In real time applications, using central cloud to process data stream
dose not fulfill time requirements. So, moving the processing to edge
node or edge device satisfy time constrains. Decentralization is useful

in such cases.

Enhanced Resources
in Client Devices

Recently, edge devices could be considered resource limited if it
compared to servers or workstations. But it is not resource limited to do

filtrations and analytics.

Sustainable energy

consumption

Data centers at Cloud consume huge amounts of energy and this
amount is increasing. By using edge devices and nodes in some tasks,

this leads to minimizing energy consumption at the cloud.

Data Explosion and

network traffic

As mentioned earlier, data sizes are increasing dramatically due to the
increase in number of connected devices. This affects network
bandwidth while transferring data to the cloud. By moving processing

on the edge, this help in minimizing data to transferred to the cloud.
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Motivation

Description

Smart computation

techniques

Using computations techniques to distribute the application using the
idea of pipelining the processing in horizontal fashion in which the
processing is starting at edge device, then edge node and finally at the
cloud. Another technique is to use computational offloading in which
the cloud offloads computational tasks to edge devices and node to be

processed.

On the other hand of these motivations there are challenges that face

edge computing. These challenges according to [Varghese, et al., 2009] are
general purposes computing on edge nodes, edge node discovering, task
partitioning and computational offloading, quality of services issues and

edge nodes security concerns.

Table 4 describes a summary of these

challenges.
Table 4. Edge Computing Challenges
Challenge Description
General Purpose | Edge nodes like routers, switches and base stations are not general

computing on edge

purposes computers. According to that it is not designed to do any

node processing except the one it designed for.

Discovering  edge | Automatic resources discovery services for edge nodes are not existed.

node All applied methods in cloud environment do not apply on edge nodes
or devices.

Task Partitioning | Task partitioning or task offloading refers to the idea of distributing

and Computational
offloading

application between edge node or device and cloud, the major
challenge here is how to determine which portion of task will be

executed and where .

Quality Of Services
“QOS”

This challenge is to use edge node or device efficiently to meet user

expectations in service level without overloading edge node or device.

Finally, Varghese addresses a set of opportunities that could be done
in academic researches. These opportunities are first creating benchmarks,

standards,

frameworks and toolkits for edge computing. Another

opportunity is to create lightweight libraries and algorithms that fit edge
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nodes and devices. Additional research area is micro operating systems,
mobile containers for edge nodes and devices. [Varghese, et al., 2009]

5.2.Edge Analytics Applications

There are a lot of edge analytics on 10T Applications. A sample
application of edge analytics on loT is Surveillance cameras. According to
[Simoens, 2015], surveillance cameras are common in police cars and also
available for commercial uses. In [Simoens, 2015], they propose an
architecture called GigaSight for video streaming analytics purposes.
Another application of edge analytics is health care. Rahmani et al,
propose architecture for an loT-based health monitoring that could be
deployed inside hospitals or homes. It depends on health monitoring
sensors and smart e-health gateway. These edge devices and node do the
analysis and call for help on time [Rahmani, et al., 2015] . Another
example is smart city which introduced in [Belissent, 2010] . According to
Bélissent, 10T could be used in areas such as transportation, healthcare,
education, public safety and security, building management, city
administration and waste management. By adopting loT in those areas,
smart city will be existed. Bélissent also provide a comparison between
new cities, existed cities and non-cities from the point of obstacles to apply
smart city.

6. Data Stream mining

Data stream mining is concerned with mining streams of real time
data generated from sensors in Wireless Sensor Networks “WSN”. Data
Stream mining is one of two categories of data streams processing.
According to [Gaber, et al., 2010] data streams processing has two
categories which are data stream management and data stream processing.
Data stream management is preparing data stream to other processing by
querying and summarizing it. Whereas data stream mining is to apply data
mining techniques on this stream of data. According to [Ullman, et al.,
2014] , data stream management system has a main component for dealing
with streams which is stream processor. Stream processor handles ad-hoc
queries on stream input and store data which is needed and other data dose
not stored. Figure 6 shows the idea of data streams management system.
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Figure 6 - Data Stream Management System
Source [Ullman, et al., 2014]

6.1. Data Mining for IoT

According to [Shen, et al., 2010] , there are four proposed data
mining models for loT. These four models are multi-layer model |,
distributed model , grid based model and multi-technology based model.
In multi-layer model there four layers: data collection layer, data
management layer, event processing layer and data mining service layer.
Data collection layer is responsible for collecting objects data using RFID
readers, GPS and any other adopted sensor. The next layer is data
management layer which responsible for managing collected data using
centralized or distributed database or warehouse. Then collected data is
cleaned and processed to produce analytics. The third layer is event
processing layer which is responsible for events filtering and events
detection. This layer filters all unrequired events and keeps events that
users are interested in. Finally, the last layer is data mining service layer.
Data mining service layer is responsible for build learning models using
data mining techniques to extract knowledge from objects data and events
data [Shen, et al., 2010].

On the other hand, distributed data mining model tries to cope with
loT data characteristics, hardware limitations and security requirements

Cairo University-Institute of Statistical Studies and Research

34



The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

[Shen, et al., 2010]. According to [Shen, et al., 2010], distributed data
mining model preprocess data locally at node and send to central backend
system only required and necessary data for processing. The third model
according to [Shen, et al., 2010] is grid based data mining model. In this
model, 10T devices are considered as computing resources for a grid. This
grid is used later for data mining tasks. The last model that was proposed
by [Shen, et al., 2010] was based on mixing networking technologies,
sensing technologies and mining algorithms then provide “Intelligence” to
applications.

Additionally, [Shen, et al., 2010] discusses challenges of mining loT
data. These challenges were about data collection issues such as data sizes,
data transmission and energy utilization. Another challenge is about what
model to adopt in data centralized processing or distributed processing.
Also [Shen, et al., 2010] refers to the challenge of studying data mining
algorithms that are suitable for IoT.

In 2013, a paper entitled “Edge Mining the Internet of Things”
define a term “Edge Mining” as ‘“Processing of sensory data near or at the
point which it is sensed, in order to convert it from a row signal to
contextually relevant information” [Gaura, et al., 2013] . This paper
introduces four mining algorithms that used to reduce network traffic and
reduce energy consumption. These algorithms are “General Spanish
Inquisition Protocol” G-SIP [Gaura, et al.,, 2013] , “Linear Spanish
Inquisition Protocol” L-SIP [Gaura, et al., 2013] , “ClassAct” [Gaura, et
al., 2013] and “Bare Necessities” [Gaura, et al., 2013] BN. Figure 7
summarize edge mining process according to [Gaura, et al., 2013]

G-SIP and L-SIP are based on SIP. The basic idea of SIP is to send
unexpected information to control center or to base station [Gaura, et al.,
2013]. ClassAct is a classifier for human posture [Gaura, et al., 2013] . BN
Is an algorithm that calculates time spent in specific state [Gaura, et al.,
2013].

In 2014, a survey paper about data mining for internet of things.
This paper reviews motivation and problems then reviewed solution and
results. Finally, it gives future directions and trends in this area. This
paper was written by [Tsal, et al., 2014]
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Edge
mining

Figure 7: Edge Mining Process at node
Source: [Gaura, et al., 2013]

In [Tsai, et al., 2014] , researchers start with describing data
captured from lIoT and what this data about and data sizes. Tsai and the
others refer to possible solutions of handling big data generated from IoT.
Additionally, they refer to the benefits gained from analyzing loT data.
They also provide architecture for knowledge discovery and IoT. Figure 8
illustrates Tsai architecture [Tsai, et al., 2014]. This architecture starts with
collecting data and preprocesses it then extracts knowledge then update the
0T device with that knowledge.

Cairo University-Institute of Statistical Studies and Research

36



The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

Knowledge
Internet of Things *
Application
Middleware Knowledge Discovery in Databases
e . Info = :
Internet | [ ™  Preprocessing Data Mining r--*1 Decision Making =
|
Access Gateway
Sensing Entity e Databases
i
— Knowledge
ooooooooo e » Info (Information)
Data ©# Data

Figure 8: Architecture of IoT with KDD
source [Tsal, et al., 2014]

In [Tsai, et al., 2014], there are three considerations for choosing
suitable data mining technique for 1oT. These Considerations are objective,
data and mining algorithm. Objective is about problem assumptions,
limitations and measurement way. Data consideration is about data size,
distribution and type. The last consideration is algorithm. The challenge is
how to determine data mining algorithm. Additional challenge about
algorithm, will the problem require to develop new algorithm or just adopt
old one [Tsali, et al., 2014].

Tsai present a framework for data mining, called unified data mining
framework. This framework is used to explain all mining algorithm that
covered in their research. This framework is based on scan, construct and
update operation. Scan input data set, then construct rules as output then
update these rules. The previous operations continue until met a
termination criterion [Tsai, et al., 2014]. Figure 9 shows the unified data
mining framework presented by Tsai.
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Algorithm 1 Unified Data Mining Framework
Input data D
Initialize candidate solutions r
While the termination criterion is not met
d = Scan(D) [Optional]
v = Construct(d, r, 0)
r = Update(v)
End
Output rules r

o B e L e S
cOwm

Figure 9 Unified data mining framework
source [Tsai, et al., 2014]

According to Tsai, data mining techniques could be used for loT
infrastructure or services [Tsai, et al., 2014]. They discuss data mining
techniques in terms of the unified data mining framework. Their study
investigates each data mining technique for lIoT from two perspectives.
First perspective is infrastructure perspective (i.e. the design consideration
of algorithm to fit in 10T). The second prospective is which is the service

algorithm will be used in (i.e. used in which application). The researcher
illustrates this taxonomy in Figure 10.

For Infrastructure
of loT
- Clustering -
[ = For Services of loT
o
6 For Infrastructure
e of loT
ool IF Classification = Outdoor Services
= = =1 Services of loT -[
= .
= Indoor Services
2 _] For Infrastructure
3 | L Frequent Pattern | | of loT
© Mining
(O ] For Services of loT
— Hybrid

Figure 10 data mining techniques for IoT
Moreover, [Tsai, et al., 2014] provide a comparison of mining
technologies in terms of goals and data sources and in reference that study

each mining technique. Figure 11 is adapted from [Tsai, et al., 2014] to
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show only goal and data source for each mining technique.

Mining Algorithm Goal Data Source
Network performance enhancement | wireless sensor
Inhabitant action prediction X10 lamp and home appliances
Clustering Provisioning of the needed services | Raw location tracking data
Housekeeping Vacuum sensor
Managing the plant zones GPS and sensor for agriculture
Relationships in a social network RFID. smart phone, PDA. and so on
Device recognition RFID
Traffic event detection GPS, smart phone, and vehicle sensor
Parking lot management Passive infrared sensor
e Inhabitant action prediction RFID, sensor, video camera, microphone,
Classification ! ;
wearable kinematic sensor, and so on
Inhabitant action prediction Video camera
Inhabitant action prediction microphone
physiology signal analysis wireless ECG sensor
RFID tag management RFID
Frequent Pattern Spatial colocati(_)n pattern analysis GPS and sensor
Purchase behavior analysis RFID and sensor
Inhabitant action prediction RFID and sensor
Hybrid Inhabitant action prediction RFID and sensor

Figure 11 Mining Techniques Comparison
Source: [Tsal, et al., 2014]

7. 10T Open Issues

Finally, Tsai et al refer to open issues of 10T and data mining. These
open issues are from four perspectives: Infrastructure, Data, and algorithm
and security perspectives [Tsai, et al., 2014] . Table 5 tries to summaries
these open issues from the different perspectives.

Table 5 open issues in 10T

Perspective Open Issues

Infrastructure e Decentralization
e Heterogeneity
e Low power

e Small memory, limited computation power

Data ¢ Different data standards, types and resources

e Sizes of Data and preserving of data

Algorithm e Dynamic nature of sensor status affects algorithms
e Redesign of algorithm to fit in application.

e Computation load and services balance.
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Perspective Open Issues
Security e Privacy concern while using video cameras
e Sensitive information of 10T end User (e.g. health info)

8. Conclusion

In this paper, a systematic literature review is conducted on mining
loT data Streams. The paper discusses the term 10T, edge computing, data
stream mining and data mining for 10T. The paper starts with reviewing
drawbacks of big data approach for handling 10T data. Then it reviews
challenges and opportunities of edge computing. Additionally,
Applications of edge analytics is mentioned. Later, concept of data stream
mining is reviewed. After that data mining for 10T is discussed. At the end,
it could be notices that a lot of challenges still need research effort. This
Research area is still open and there are a lot of opportunities. It is a hot
topic for research.
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Arabic Named Entity Recognition

Mariam Muhammad”

Abstract

Named Entity Recognition (NER) is an important task that is used in
recognizing the proper names in the text such as “Person”, “Location”,
and “Organization”. This task is very important in the most fields of the
natural language processing (NLP) such as “Question Answering”,
“Machine Learning”, and “Information retrieval”. There are more
research studied the NER for the foreign language e.g. English but little
of them that studied it for Arabic language because Arabic language has
complicated morphology and that make the NER task difficult. In this
research, we tried to know more about the Named Entity Recognition task
and its importance in the NLP fields especially when using it with the
Arabic language text. The challenges that faced the Arabic NER were
studied and some the solutions for each challenge were introduced. The
linguistic resources and tools that support the Arabic NER were presented
and a link for each was illustrated. The main approaches of the NER were
explained and an example for each approach was given. The evaluation
metrics that are used for evaluating the Arabic NER also were presented.

Keywords: Arabic NER, NER Challenges, Linguistic Resources, NER Tools,
NER approaches.

1. Introduction

In the 1990s, NER was introduced as a subtask of information
extraction (IE) task and became important in more of the research studies
[Shaalan, 2014].

The Named Entity Recognition (NER) task aims at detecting and
classifying the proper names in the text. The proper names can be person,
location or organization names [Nadeau & Sekine 2007]. For example, in
the sentence “Mohammed and Ahmed work in IBM Company in Egypt”;
“Mohamed” and “Ahmed” will be identified as Person NE, “IBM” will
be identified as organization NE, and “Egypt” will be identified as
location NE.
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The NER task helps the Natural Language Processing (NLP)
applications such as Information Retrieval (IR), Question Answering
(QA) and Machine Learning (ML) to enhance their performance [Shaalan
& Raza 2009].

There are some challenges that face the NER task when it’s used with
the Arabic language because of the characteristics of Arabic language
such as the rich morphology and syntax. Absence the capitalization and
the short vowels, the ambiguity, and the lack of the resources are some of
these challenges.

The annotated corpora and the lexical are the main linguistic resources
for the Arabic NER. Also, there are some the tools that support the
Arabic NER such as: “GATE” and “MADAMRA”.

There are three main approaches are used in the NER are: (1) Rule
Based NER that depends on the linguistic rules of the language, (2)
Machine Learning Based NER that depends on the features of the NE
classes in a large training corpus, and (3) Hybrid Based NER that
combine between the two previous approaches.

It is necessary to evaluate the performance of the NER system. There
are some the evaluation metrics that used to evaluate the performance of
the NER system. These metrics are part of NLP conferences such as
“MUC”, “CONLL”, and “ACE”.

This research aims to give a good background on the Arabic NER for
the interested researchers.

The remainder of the research is organized as follows. Section 2
discusses the importance of the Named Entity Recognition Task. Section
3 discusses and analyzes the challenges that face the NER when it is used
with Arabic language and the solution for each. Section 4 presents the
linguistic resources and the tools that support the Arabic NER. Section 5
explains the main approaches of the Arabic NER and gives an example
for each approach. Section 6 reviews the evaluation metrics that are used
to evaluate the performance of the Arabic NER. Finally, the conclusion
remarks and the future work are presented.

2. The importance of the NER in NLP applications

“Names” play important role in any text for detecting, identifying and
extracting them [Mohit, 2014]. So, recognizing the names can improve
many applications in NLP. The NLP applications includes: Information
Retrieval (IR) systems, Information Extraction (IE), Machine Translation
(MT), Question Answering (QA) systems and others.
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2.1. Integrated the NER with the information retrieval

The information retrieval (IR) is “the task of identifying and retrieving
relevant documents from a set of data according to an input query”
[Shaalan, 2014]. According to the studies on the information retrieval,
there is a strong relation between the named entity recognition task and
the retrieval systems.

NER can be useful for the IR through two possible ways: recognizing
the “Named Entities” within the input query and determining the relevant
document according to the existence of the recognized “Named Entities”
within these documents. For example, the word (“s_:3x1”- Aljazeera) can
be recognized as an organization Named Entity or a Location Named
Entity corresponding to the word island. So, the correct recognition leads
to retrieving and extracting of the relevant documents.

2.2. Integrated the NER with the Machine Translation

The Machine Translation (MT) is the task of translating a text in a
language into another language. Improving the Named Entities translation
can help in improving the performance of the MT system [Kaddoura,
2010]. The translation of some Arabic person names to Latin languages
faces the ambiguity problem; because the Arabic person name can be
found as regular words in the language that isn’t a named entity type. For
example, the word “x=” (Saeed) can be used in Arabic text as a noun
(non-NEs) that means “Happy”, and also as a Person name (Person NES).
So, the translation of the following phrase « s xs< can be “Mohamed
Saeed” or “Mohamed Happy”.

2.3. Integrated the NER with the Question Answering

The Question Answering (QA) task is related to Information Retrieval
field where the questions are taken as input and the QA system returns
brief answers. For improving the retrieved data in the QA system, the
NER task is used; that is through identifying the relevant documents and
then extracting the correct answers from candidate passages. For
example, the words “hws¥) (5,3 may be classified as Organization NE
or Location NE according to the context.

3. Challenges of the NER in Arabic Language

There are several challenges/problems face the NER task when using it
in Arabic Language; this section describes these challenges and studies
the possible solution for each.
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3.1. Absence of Capitalization Problem

Most Named Entities in the Latin languages like English begin with
capital letters such as proper names e¢.g. (“Ahmed”, “Mohammed”) and
abbreviations e.g. (“ACM”, “IBM”). But this feature doesn’t exist in the
Arabic language because the Arabic language can’t support the
capitalization. Absence of this feature effects on the Named Entity
recognition task [Shaalan, 2014].

The solution of this problem

The dictionary lookup method wouldn’t be a suitable solution to face
this problem, because some of the words can be used as proper nouns and
they also can be used as non-proper noun in the text. For example, the
Arabic proper name “cs” can be used in the sentence with different
meanings as in Table 1.

Table 1 Example of the absence of the capitalization problem

Word meaning Word Category Sentence
Ain Proper-Noun S5l (e
wellspring Noun slall (e
eye Noun Ot e
delimitate/be delimitate | Verb/passive Verb | 4 &l 3, cue

[The source (Saad & Ashour 2010)]

So, the solution of this problem is analyzing the context surrounding the
Named Entity.

3.2. Absence of Short VVowels

Arabic text contains the diacritics «:=+~Y.* that  “affect the
phonetic representation and give different meaning to the same lexical
form” [Shaalan, 2014]. But nowadays, Modern Standard Arabic (MSA) is
written literally, without considering the addition of diacritics [Alotaibi,
2015]. Absence of the diacritics in the Arabic words leads to the
ambiguity because different diacritics represent different meanings. For
example, the word “,=" without any diacritics can be recognized as
country “location NEs” or as radius “Measure NEs”.

The solution of this problem

Consider the context of the word in order to predict the correct
meaning.
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3.3. Complicated morphology

Finding many different patterns for the one Arabic word is from the
characteristics of the Arabic language where each word can consist of one
or more prefixes, a stem or root, and one or more suffixes in different
combinations, that leads to complicated morphology.

Table 2 Arabic Patterns and Roots

Affixes in Arabic | Examples
Prefixes of length 3 Jee IS s Jy
Length 2 prefixes JJ
Length | prefixes e osSese ge mweaeed
Length 3 suffixes | JScase b Jaac Ja
Length 2 suffixes BepesSeGepe e Slegy
.a.’..u,.‘,.;.;,s..:.u.’.,.
Length | suffixes SeleSedisencs

[The source (Saad & Ashour 2010)]

The solution of this problem

There are two possible ways to resolve this problem

1. By deleting all the affixes and keeping only the root of the Arabic
word. For example, the analysis of “s_su” word will result “s_s@”’
as a location name after deleting the “s” and the “~”. Although this
way is faster, it leads to a loss of valuable information from the
affixes [Benajiba et al., 2007].

2. By separating the suffixes with spaces. For example, the word
“laasale 7 can be segmented into three parts “b” “iale” “y” This
way is more accurate, because it keeps all affixes and then keeps
the meaning.

3.4. Ambiguity Problem

The problem of ambiguity can be between two or more Named Entities
because the Named Entity phrases can be formed by different POS such
as ‘common nouns’, ‘adjectives’ or more complex phrases of more than
one token. For example, In the sentence “s3alu J6 Ui 2eai; the phrase © sl
1” can be recognized as “Person NE” or as a “location NE'. Table 3
presented more examples for this problem.

! “Ahmed Abad” is the largest city and former capital of Gujarat, which is a state in India.
Cairo University-Institute of Statistical Studies and Research

46



https://en.wikipedia.org/wiki/Gujarat
https://en.wikipedia.org/wiki/India

The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

Table 3 Ambiguous Examples

Ambiguous example English translation Incorrect Correct

16985 5 g L 1.6985 Swiss francs Person Price

2005 ™~ )S‘Jl' -')"‘A‘ 3 15 15th of Ramadan Al karim 2005 Person Date

ot KJ‘M' g < ;'nil suaal e Jassim umitexd for real estate and general mantenance Person Company

i)““ 4"‘1' > _,.*."L' 1.5 1.5 billion Singapore dollars Location Price

a }‘—-:' ! ,“ < - Saudi Aramco Location Company

O )_-5 "-") ,s'—<95 Jasl J Racheal Victoria Queen Locanon Person

\ 2= oAb . )

elusa o A0 Coul 50 In the evening Elizabeth II Time Person
1954 4 Jradi (o2 Jsa ddais .. &t turning point in September 1954 Martin presented . .. Measurement Date

P pl,

[The source (Shaalan & Raza, 2009)]

The solution of this problem

Rule based approach can be used for resolving this problem. (Shaalan
& Raza, 2009) used the heuristic rules for resolving this problem by
“preferring one Named Entity type over the other”.

3.5. Transliteration Problem

An NE can be transliterated in many ways. The lack of standardization
leads to many shapes of the same word that are spelled differently but
with the same meaning. Another reason for this is that “Arabic has more
speech sounds than Western European languages, which can ambiguously
lead to an NE having more variants” [Shaalan, 2014]. For example, the
city of “Washington” could be expressed using four forms such

(',k;_\.m. K :'\} c",J:uu...n' ] :'\J GQ.L.LZU cuj:a.'\ﬁn})

The solution of this problem

Make a standard form/ a canonical form and normalize each
occurrence of the variant to this form; this requires a mechanism (such as
string distance calculation) for matching between a name variant and its
normalized representation.

3.6. Lack of Resources

There are large annotated corpora as well as Arabic lexicons that can
be used for implementing and testing the performance of an Arabic NER
system; but most of these available Arabic NER resources are expensive
and have limited capacity.

The solution of this problem
Researchers depend on their own corpora, which require human
annotation and verification. Few of these corpora have been made freely
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and publicly available for research purposes as in [Benajiba et al., 2007]
and [Mohit, 2014]; whereas others are available but under license
agreements.

4. Arabic Linguistic Resources and Tools supporting Arabic NER
task

As it is shown in the previous section, the lack of digital linguistic
resources and the tools that support the NER represents a challenge for
the NER task especially when it is used with the Arabic language.

This section presents the available linguistic resources and the tools
that support the Arabic NER. It detects each of them is open access.

4.1. Arabic Linguistic Resources

There are two types of linguistic resources that are commonly used in
NER: (1) Corpora and (2) Lexical resources.

4.1.1. Corpora

The datasets or corpora are used to evaluate and compare the systems.
For the NER task, we need “large annotated corpus” where every NE has
a type assigned to it.

Some NER corpora are available under paid license agreements, for
example, “ACE®’. And others are freely available such as “ANERcorp®”
that is a Corpus of more than 150,000 words annotated for the NER task
[Benajiba et al., 2007].

Fig. 1 shows a sample of annotated corpora where the words of corpora
are collected from different resources and each word are classified into its
type: “Loc” means Location NE, “PER” means person NE, “ORG”
means organization NE, and “O” means other NE. The letters “B, I,L”
means the site of the word in the sentence “Begin”, “In the middle” and
“Last”.

2 . . .
https://www.ldc.upenn.edu/collaborations/past-projects/ace/annotation-tasks-and-
specifications

® http://www1.ccls.columbia.edu/~ybenajiba/downloads.html
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Fig. 1 Sample of annotated Corpora
4.1.2. Lexical Resources (gazetteer)

Gazetteer is another lexical resource which is a collection of
predefined lists of typed entities. It can be called as dictionary or
wordlist. The contents of a gazetteer should be consistent and belong to
only one type of NE. For example, a location gazetteer consists of
names of countries, cities, states, and so on [Shaalan & Raza, 2009].

When the researchers found these resources aren’t available freely;
they built their own gazetteers from different resources such as the Web
and from organizations. For example, (Benajiba et al., 2007) built
“ANERGazet” that is a collection of 3 Gazetteers:

a) Locations: a Gazetteer containing names of countries, cities,
states, etc.

b) People: a Gazetteer containing names of people recollected
manually from different Arabic websites

c) Organizations: a Gazetteer containing names of
Organizations like companies, football teams, etc.
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Fig. 2 Sample of the “ANERGazet”
(a) Loc_Gazetteer, (b) Person_Gazetteer and (c) ORG_Gazetteer

Table 4 presents a summary of the important Arabic NER resources that

are available to be used.

Table 4 Summary of Arabic NER Resources

Resource name Resourc Availability Link
e Type
_under paid https://www.ldc.upenn.edu/collaborations/past-
“ACE” Corpora | %, license projects/ace/annotation-tasks-and-specifications
~ agreements
“ANERcorp” Corpora o/ Free http://wwwl.ccls.columbla}[.ricliu/~vbena||ba/downloads.h
“AQMAR” Corpora v Free http://www.cs.cmu.edu/~ark/ArabicNER/
“Fine-grained” Corpora v Free https://sourceforge.net/projects/arabic-named-entity-
corpora/
WIKIFA,I’\IE_Gaz Lexical o/ Free https://sourceforqe.net/pr0|ectE/a_rab|c-named-ent|tv-
et gazetteer/?source=directory
_under paid
“CIK” Lexical | f license www.cjk.org/cjk/arabic/arabsam.htm
“agreements
“ANERGazet” Lexical o/ Free http://www1.ccls.columbia.edu/~ybenajiba/downloads.h

tml

4.2. Tools supporting the Arabic NER task

In Arabic language, there is a lack in the NER tools which have more
importance for the NLP systems [Kaddoura, 2010].
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In this section, some NER tools that have been used in the Arabic NER
literature are presented. The tools can be classified into two categories
according to their functions: (1) Integrated Development Environments
tools and (2) Basic Preprocessing Tools for Arabic.

Table 5 presents a summary of these tools with link for the official site
for each.

4.2.1. Integrated Development Environments tools

» GATE (The General Architecture for Text Engineering):
o Itisa freely available.
o It supports these languages (English, French, Italian,
German, Arabic, Chinese, Hindi, Romanian, and Cebuano).
o It can be used to extract basic Arabic entities, such as (date,
name, location, organization, and so on).

» NooJ:
o Itisafreely available.
o It supports constructing, testing, and maintaining large
lexical resources, and applying morphological analysis for
Arabic processing.
o It can recognize all Unicode encodings.

» LingPipe:

o The free version has limited production capabilities and in
order to obtain full production abilities, it must to be
upgraded.

o Itis atoolkit for text engineering and processing.

o It supports POS tagging, spelling correction and NE
recognition.

4.2.2. Basic Preprocessing Tools for Arabic

In this section, the Arabic morphological pre-processing tools are
presented that are used in the Arabic NER literature, including BAMA,
MADA, AMIRA and MADAMIRA toolkit.

» Buckwalter Arabic Morphological Analyser (BAMA)
o It contains over 80,000 words, 38,600 lemmas.
o It contains three dictionaries (Prefix, Stem, Suffix) and three
compatibility tables (Prefix-Stem, StemSuffix, Prefix-
Suffix).
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» Morphology Analysis and Disambiguation for Arabic (MADA)

o Itis a development of BAMA.

o The TOKAN component allows the user to specify any
tokenization scheme that can be generated from
disambiguated analyses.

o The MADA+TOKAN package provides one solution to all
of the basic problems in Arabic NLP, including tokenization,
diacritization, stemming, and lemmatization.

» AMIRA
o This is a set of tools including a tokenizer, POS tagger and
Base Phrase Chunker.
o Itis used for different NLP applications because of its speed
and high performance.

» MADAMIRA
o It combines aspects of two previously used systems for NLP;
MADA and AMIRA.
o It includes several tasks that are useful for NLP processes
such as POS tagging, tokenized forms of words,
diacritization, lemma stemming, base phrases, and NER.

Table 6 Summary of Arabic NER Tools

Tool Availability Link
“GATE” v Free https:/gate.ac.uk/
“NooJ” o Free http://www.nooj4nlp.net/
“LingPipe” Free for limited capabilities http://alias-i.com/lingpipe/
“BAMA” .. under paid license agreements | https://catalog.ldc.upenn.edu/LDC2004L02
“MADA + ¥ Free https://lists.cs.columbia.edu/pipermail/mada-
TOKAN” users/
“AMIRA” A demo of the system is available http://nlp.ldeo.columbia.edu/amira/
http://www1.cs.columbia.edu/~rambow/soft
«“ ” Free TR
MADAMIRA 4 ware-downloads/MADA_Distribution.html

Cairo University-Institute of Statistical Studies and Research

52



https://gate.ac.uk/
http://www.nooj4nlp.net/
http://alias-i.com/lingpipe/
https://catalog.ldc.upenn.edu/LDC2004L02
https://lists.cs.columbia.edu/pipermail/mada-users/
https://lists.cs.columbia.edu/pipermail/mada-users/
http://nlp.ldeo.columbia.edu/amira/
http://www1.cs.columbia.edu/~rambow/software-downloads/MADA_Distribution.html
http://www1.cs.columbia.edu/~rambow/software-downloads/MADA_Distribution.html

The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

5. Main Approaches for Arabic NER

According to the research works on the Arabic NER, it is found many
approaches for recognizing named entities from text. These approaches
have been divided into three categories [Mohit, 2014] as following: (1)
Rule Based NER, (2) Machine Learning based NER, and (3) Hybrid
NER.

5.1. Rule-Based NER

The Rule-Based is from the early approaches to the NER. It depends
on linguistic rules (grammars). It is also called “Linguistic-based”
approach [Shaalan, 2014]. There are three main components are used in
the Rule-Based systems, as following:

(1) A set of Rules for the named entity extraction task (grammatical

rules).

(2) Gazeteers/ Dictionaries that contains different types of named

entity classes

(3) Extraction engine that applies the rules to the text.

5.1.1. The advantage and disadvantage of this approach

The advantage of the Rule-based approach is that it needs to high
linguistic knowledge to build it.

The problem of this approach is when needing to make any updates or
maintenance on the system but the linguists with the required knowledge
and background are not available. It requires expensive manual effort and
it is time-consuming [Shaalan, 2014].

5.1.2. Example on using this approach

(Shaalan & Raza, 2009) used the Rule-Base approach for developing
NER system for Arabic (called NERA system, see Fig. 3). They
depended on their own resources, corpora and gazetteers, to train and test
the system.

For example, when applying the proposed system in [Shaalan & Raza,
2009] to recognize the NEs in a text, a phrase such “34 2l can be
recognized as a person name or a location. So, it is necessary to create a
filter rule to return one correct result. The authors put the following filter
rule:
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“If a possible match M1 for a location entity reported by the location
extractor intersects with a match M2 of a person entity that is also reported by
the person extractor, then the match as a location name will be discarded”

s «— Data Collection —»
Handcrafted Approach Acquisition from ACE &
Treebank corpus
Dictionary

(1) Whitelist v—{i:ji EM
" Names Databases

Dactionanas

(2) Grammar -

Configuration |~ | % Arabic
script

(3) Filter j

Blacklist
Dictionary

Annotated
Text

Fig. 3 Architecture of NERA system
(Source: [Shaalan & Raza, 2009])

So, in case of an intersection, “>4 sl will be recognized as person
name. In my opinion, there are some the drawbacks in “NERA” system
when using this rule; where the phrase “3ul 2 can be a location but in
this case the system can’t retrieve the correct answer!. S0, we suggest
using the probabilities and the context surround the NEs for improving
this linguistic rule and the similar rules.

Also, there are some the ways that can improve the performance and
enhance the accuracy such as using large corpora and large dictionaries,
and using Arabic text with error-free spelling.
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5.2. Machine Learning (ML)-Based NER

The idea in ML-based approach is to study the features of the Named
Entity classes in a large training corpus. There are two main components
are used in the ML-Based systems, as following: (1) Large annotated
corpora and (2) a probabilistic representation of the training data (A
statistical model). Decision Trees, Support Vector Machines (SVM),
Maximum Entropy (ME), Conditional Random Fields (CRF) and Hidden
Markov Models (HMM) are examples of the statistical models.

5.2.1. The advantage and disadvantage of this approach

The advantage of this approach is that the use of ML approaches
reduces the human effort needed for building a set of rules and gazeteers.
In some cases, the ML-based approach is more flexible than the rule
based approach.

The disadvantage of the machine learning approach is the needing to
large corpora of annotated text. And this problem appears highly in
Arabic NER because of the lack of linguistic resources.

5.2.2. Example on using this approach

(Benajiba, et al., 2007) built a NER system called “NERsys” for Arabic
texts based-on n- grams and maximum entropy. The authors depend on
their own testing and training corpora and gazeteers (ANERcorp &
ANERgazet) .

First, we would to know how to use maximum entropy

Maximum entropy (ME) is “a general technique for estimating
probability distributions from data” [Benajiba, et al., 2007]. The
Maximum entropy calculates the best probability distribution according
to the defined information. The following example will explain “how the
ME classifier performs”:

“Sudan’s Darfur region remains the most pressing humanitarian
problem in the world”

If we want to classify the word “Darfur” as one of these classes
(person, location, organization, or other)

o If we assumed that we don’t have any information on the word
“Darfur” then the distribution of the probability on the four classes

* Available at: http://www1.ccls.columbia.edu/~ybenajiba/downloads.html
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will be the same. P(person)=P(Location)=P(Organization)=P(other) =
Ya=0.25.

o But, if we assumed that we have information for “Darfur” that it a
word that begins with “Capital letter” and isn’t “in the start of the
sentence”.

* By using this information we will guess that “Darfur” is a
proper name (one of those: Person, Location, or Organization)
and it isn’t any other NE.

= So, distribution of the probability will be different. The most
probability will be assigned to the ‘Person’, ‘Location’, and
‘Organization’. P(person)=P(Location)=P(Organization)= 1/3 =
0.3.

In (Benajiba, et al., 2007), the results showed that using the maximum
entropy can enhance the performance of the Arabic NER task without
using any POS-tag information or text segmentation.

Table 7 shows a Comparison between Rule-Based and ML -Based

Table 7 Comparison between Rule-Based and ML-Based

Rule-Based ML-Based

It depends on linguistic rules

é_ a(;:?zl?gti “hand-constructed rules” that It doesr; ter(l:?:ﬁsltasmguage
P require language specialists P
The Required Large amount of annotated
Training Small amount of training data training data
Data (very large corpora)
Time Very time consuming Automated
Consuming

Some changes require re-
Changes Some changes may be hard annotation of the entire
training corpus

Quality High quality Less quality
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5.3. Hybrid NER

The idea in the hybrid NER systems is combining the rule-based
approach with the ML-based approach to overcome on the problems in
both methods. Using the hybrid Arabic NER can improve the Arabic
NER task.

Rule ML Hybridn"‘,

! | ! | !
\ Based \ Based . Based /_~'
..‘ '.. / \_\\. ‘/

— -

5.3.1. The advantage and disadvantage of this approach

In some cases, the depending only on rule-based features doesn’t
improve the performance; and the depending only on machine learning
based features doesn’t improve performance. But when integrating the
features of rule-based with Machine learning classifiers, in this case the
performance can be improved.

5.3.2. Example on using this approach

(Abdallah, et al. 2012) proposed a simple method for integrating the
Machine learning-based approach with rule-based approach for Arabic
NER as it is shown in Fig. 4.

Unstructured text

Features

extractor
structural/general
features

Combined features

Rule-based
NERA

Tagging prediction
of neighboring
words

Final prediction

Fig. 4 Block diagram illustrating the integration between the Rule-Based and ML-
Based (Source: [Abdallah, et al. 2012])
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The authors focused on only three named entities (person name,
location, and organization).
For training and testing the proposed method, they used two annotated
corpora:
(1) The ACE 2003Multilingual Training Set’.
(2) ANERcorp Corpus®.

Steps to build their rule-based system:

1. Performing the recognition based on a dictionary lookup that
containing lists of known named entities.

2. Using a parser, based on a set of grammar rules (represented as
regular expressions).

Steps to build the proposed integrated approach:

1. Using the Stanford POS Tagger’ to compute some of the general
features such as word category and affixation that are defined as
machine learning features.

2. Complementing the rule-based features with the other extracted
features

3. Feeding all combining features to a decision tree classifier.

In_(Abdallah, et al. 2012), the results of proved that the proposed
hybrid approach is better than the pure rule-based system or the pure
machine-learning classifier.

6. Evaluating the performance of the NER systems

The aim of the evaluation is to ensure if the NER system can enhance
the performance or no and with which degree according to the used
datasets. NER systems are evaluated by “running them on human-labeled
data and comparing their results against this gold-standard” [Mohit,
2014]. If there are standard evaluation corpora, it will be easy to compare
between the existed NER systems. Some researchers used the annotated
datasets where every NE has a type assigned to it such as (“ANERcorp”
and “ANERGazet”), and the evaluation measurements (precision, recall,

> Available to BUID under License from https://www.ldc.upenn.edu/collaborations/past-
projects/ace/annotation-tasks-and-specifications

® Available for download from http://users.dsic.upv.es/ybenajiba/

7 available at http://nlp.stanford.edu/software/stanford-postagger-2010-05-26.tgz
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f-measure and accuracy) for evaluating their NER systems [Benajiba et
al., 2007].

In this section, we presented the evaluation measurements and the
evaluation metrics that are used for evaluating the performance of the
Arabic NER systems.

6.1. Evaluation Measurements

The evaluation measurements such as “Precision, Recall, F-measure,
and Accuracy” are the most used of the evaluation techniques [Al-
Jumaily et al., 2012]. The equations of each measure will be defined in
terms as in the following table:

Table 8 Terms in the evaluation measures equations

Term Stands for Definition

“It counts the tokens correctly assigned to
this category”

“It counts the tokens incorrectly tagged to
this category”

“It counts the tokens incorrectly rejected
from this category”

“It counts the tokens correctly rejected from
this category”

TP ((True-Positives))

FP ((False-Positives))

FN | ((False-Negatives))

TN ((True-Negatives))

Precision

The precision is “the ratio of the retrieved tokens which are
relevant in the corpus, i.e., it evaluates the exactness of the system”

[Jumaily et al., 2012].

B TP
recision = ———
= TP L FP (1)

Recall

Recall is “the ratio of the retrieved relevant tokens. It measures the
ability of the system to retrieve a complete set of the relevant tokens from
a corpus” [Jumaily et al., 2012].

TP

Recall = TP+—F1V (2)

F-measure ‘
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F-measure evaluates the effectiveness of the system.
2 % (Prcision x Recall)
(Prcision + Recall)

Fmeasure =

6.2. Evaluation Metrics

There are three main NER scoring metrics used as part of NLP
conferences: (1) Message Understanding Conference “MUC”, (2)
Computational Natural Language Learning Conference “CoNLL”, and
(3) Automatic Content Extraction “ACE”.

6.2.1. MUC Evaluations®

“MUC” is an evaluation metrics where a system is scored on two axes:

1. Its ability to find the correct type of the NE (TYPE).

2. Its ability to find the boundaries text surrounds the NE (TEXT).
The advantage of this method is taking into account all possible types of
errors. But the ambiguity in the boundaries can lead to a problem.

6.2.2. CoNLL Evaluations®

“CoNLL” provides an exact match evaluation, where the entity is
considered correct if it exactly matches the same type and text. This
method is simple in calculating and analyzing results [Shaalan, 2014]. In
this method, the Precision, recall and F-measures are used to calculate
performance.

6.2.3. ACE Evaluations®®

“ACE” evaluation deals with several kinds of errors into an integrated
scoring mechanism where each type of error and each type of entity has
different weight. Compared by “MUC” and “CoNLL” methods, “ACE” is
more complex. Because of the complexity of this evaluation method,
most studies used the “CoNLL” method for the evaluation [Alotabi,
2015].

According to the literature, we concluded that the CoNLL method can
be a standard method for evaluating the Arabic NER.

® http://www.itl.nist.gov/iaui/894.02/related projects/muc/muc_sw/muc_sw_manual.html

? http://universaldependencies.org/conll17/evaluation.html

1% https://www.ldc.upenn.edu/collaborations/past-projects/ace/annotation-tasks-and-specifications
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7. Conclusion and Future Work

The Named Entity Recognition task has an importance in each field of
NLP fields. In this research, we studied the importance of the NER task
in some of these fields. Also the challenges that faced the NER task when
using it with the Arabic language and the solutions that are used in the
literature for each challenge were studied and analyzed. We founded that
“analyzing the context surrounding the NEs” is the solution for the most
of these challenges.

The studies on the Arabic NER used some the linguistic resources such
as Corpora and Gazetteers and they also used some tools that support the
Arabic language such as BAMA and MADAMIRA. Some of these
resources and tools are freely available and the others are available under
paid license agreements.

There are three approaches of the NER: (1) Rule-Based approach, (2)
Machine Learning approach and (3) Hybrid approach. According to the
literature the Hybrid-based can be the best approach in some cases.

NER systems are compared based on standard evaluations such as
“MUC”, “CoNLL”, and “ACE”; and standard evaluation measurements
such as “Precision”, “Recall”, and “F-measure”. According to the
literature, we concluded that the “CoNLL” Matrix was the most used
because of its simplicity in the calculating and the analyzing the results.
To the best of our knowledge, there isn’t research that evaluates and
compares the performance of the available Arabic NER systems.

In the future, we would to make a comparative study between using
many statistical models (SVM, HMM, Maximum Entropy, CRF, etc.);
and to detect the role for each for improving the Arabic NER task.
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Image Encryption Scheme with Hashed Biometric
Key
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ABSTRACT

Communities have always interested for the security of information over the eras. This has
produce to the improvement of several information security methods, prominent among them is
cryptography. In this paper we suggest a technique for image encryption that has fast execution speed
and high level safety. The design tools of our algorithm are depend on a chaos-based feedback
cryptographic scheme using the tent map and an external biometric secret key of 160-bit using hash
function (SHA-1). Accordingly, the created external key is utilized to extract the initial seeds of the used
chaotic mapping. We will see soon, the experiences show the efficiency of the suggested scheme in
addition to its vulnerability to secret key changes and its resistance to various kinds of threats.

Keywords
Stream Cipher, Chaos Cryptography, Hash Function, SHA-1 Hash Algorithm, Tent Map, Logistic Map,
Arnold Cat Map, Statistical Tests, Statistical analysis, Security analysis.

1. INTRODUCTION

Historically, the security of data was accomplished by a collection of physical security methods and
trust. Stamps and subscriptions were confirmed of substantiation of legitimacy, this is appeared in the royal
seals and signets by last emperors. Confidentially was accomplished by closing up documents and lockers.
Integrity of information was fundamentally based on trust. Devoted manpower such the royal postal service
was entrusted with the task of transferring information. The degree of information security was based on the
trouble faced in compromising these security methods and breaking confidence. In the information age,
though the demand for information security yet stays the same. Many of these physical security techniques are
not only inadequate, but many are impracticable. The networked age has raised the danger of information
safety probability of accumulation assets. Vulnerable data establishing on unlock and un-trusted networks
(e.g. the Internet) can be simply accessed, duplicate or altered [3]. In impose to counter the security threat in
the new age; a distinguished technique that has improved is encryption. The subject of encryption is called
cryptography.

A hash function is a utility that takes a comparatively arbitrary quantity of input and makes an output
of fixed size [6]. This concept feature makes them important in data structure, checksum algorithms for error
detection, digital signature in information security etc. Cryptographic hash functions have another merit that is
beyond hash functions - it is very rough to discover two distinct inputs that make the same output. This
property gives a high level of certitude though not ultimate that several input values would product different
output signature in most of the cases. This make cryptographic hash functions the hash functions that are used
in information security related applications. SHA-1 (Secure Hash Algorithm) is one of hashing algorithms; it
is used to generate the hashing value. It creates the hash value of 160 bits (20 bytes). It has the 80 number of
rounds. The user which has the hash value can adjust the data. The hashing algorithm supply authenticity and
integrity. If any user alters the data then the hash value will be varied [1].
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According to [7], Cryptographic Hash functions are one of the most significant tools in the field of
cryptography and are used to realize a number of security goals. In [8] the essential characteristics of the Hash
function that allow them to withstand to a satisfactory level all known cryptanalytic attack was highlighted.

In [2] mentioned to collision resistance property as collision freeness or strong collision resistance,
second pre-image resistance as weak collision resistance and preimage resistance as one-wayness.

In [4] categorized collision resistance as the strongest property of all three, hardest to satisfy and easiest
to breach, and breaking it is the goal of most attacks on hash functions.

In [5] the notion of the hash function security was expanded. In this extension they realized seven
several security notions, three construct on pre-image resistance, three based on second pre-image resistance
and one on collision resistance. Their work is based on public concept of hash function family that is a limited
set of hash functions with common domain and range.

Similarly some chaos — based cryptosystems are used to solve the privacy and security problems of
biometric templates. The secret keys are randomly generated and each session has different secret keys. Thus
biometric templates are encrypted by means of chaotic cryptographic scheme which makes them more
difficult to decipher under attacks [11]. Most properties are related to some requirements such as mixing and
diffusion in the sense of cryptography. Therefore, chaotic cryptosystems have more useful and practical
applications.

One of the simplest chaos functions that have been studied recently for cryptography applications is
the logistic map. The logistic map function is expressed as:

Xny1 = Tx(1— xp) 1)

Where x,, takes values in the interval [0, 1] and r € [0, 4]. It is one of the simplest models that present chaotic
behavior [12].

Also, the proposed cipher utilizes the chaotic Tent map which can be depicted as follows:

_ ux for x,<0.5
f/,t(xn+1) - u (11— Xn) for 0.1; <Xn (2)

For the chaotic Tent map [12], the control parameter p =2 yields a chaotic sequence x,, € [0, 1] with a
random behavior.

Also, popularized Arnold map in 1960, Russian mathematician Vladimir Arnold used the most
general two-dimensional chaotic map for an image [9]; the name was Arnold Cat Map. If a matrix N * N,
pixel with coordinates (X, y), we wrote to Arnold will be:

[;]: [cll pqlzr 1] [i] (modN) P, a=1 3

Where g and p are real numbers, the (x’, y') is the new position of original pixel (X, y). Since there only exists
a linear transformation and mod function, it is very efficient to mix the pixel positions using the Arnold cat
map. After several iterations, the correlation among the adjacent pixels can be muddled totally.

In this paper, present a technique for image encryption that has fast execution speed and high level
safety. The design tools of our scheme are depend on a chaos-based feedback cryptographic scheme using the
tent map and an external biometric secret key of 160-bit using hash function SHA-1. Accordingly, the
generated external key is employed to derive the initial seeds of the applied chaotic mapping. Moreover, the
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pixels are masked based on an iterative module which exploits a data-dependent feedback mechanism to mix
the current cipher conditions with the previously masked pixels to get the encryption results.

-2

The paper is organized as follows: Section 2 presents the structure of the proposed image encryption
scheme. Experimental tests and numerical computations to emphasize the encryption quality of the presented
scheme are suggested in Section 3. Section 4 debates the diverse security analyses of the presented scheme
including statistical analysis and sensitivity analysis related to key and plaintext changes. Finally, Section 5
drafts the conclusions.

2. PROPOSED IMAGE ENCRYPTION SCHEME

The suggested cipher is a symmetric key stream cryptography algorithm in which three essential
functions (the key expansion, encryption and decryption modules) are utilized by the dispatcher and recipient
to acquire the encrypted and decrypted image, severally. First, a secret biometric image is utilized by the
dispatcher/recipient to create the secret key by applying hash function (SHA-1). The encryption operations are
utilized to the plain image to obtain the cipher image. The structure of the suggested cipher depends on a
feedback mechanism in which the encryption of each pixel is made dependent on the encryption merits of the
preceding cipher pixel, which in turn, makes the cryptosystem powerful against any kind of threats.

The next subsections demonstrate the three phases of the suggested scheme.

2.1 Key Expansion by Using SHA-1

In view of the fundamental wants of cryptology, the cipher text should be strongly related to the
secret key and the security of the encryption algorithm only relies on obscuring this key. Moreover, the cipher
should be strictly sensitive to little changes of the secret key. Thus, the strategy of randomly generating the
key ensures these requirements. The proposed mechanism for key scheduling utilizes from a selected
biometric image to obtain the desired key by using SHA-1.

The steps for key generation can be represented as follows:

Step 1: Input a biometric image Q.

Step 2: Transform biometric image Q to be square matrix m x m then Exchanged biometric image Q by
using Arnold cat map Eq. 3, the existing matrix is titled by A.

Step 3: Produce matrix B with same length of A by utilizing Logistic map which mentioned in Eq. 1,

mean(A)
et ) mod1.

where Xo=(

Step 4: However, the periodicity of Arnold cat map should degrade the security, because the possible
threats may iterate the Arnold cat map incessantly to reemerge the original image. As a remedy, we modify
the pixel values next to increase efficient key by BitXoring A and B.

C= A®B (4)
Step 5: Derive 160 bit secret key by utilizing SHA-1 which take C in step 3 as input.
SecretKey = SHA-1(C) 5)

The test suite from NIST [10] was chosen to check the randomness of the sequence (secret key) produced by
the suggested key expansion mechanism. This suite consists of a set of tests. Each test is independently
applied to an n bits sequence (the same sequence in each test) to get a P-value. Particularly, the statistical
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package consists of 16 tests [10]. These tests are performed on our proposed key generator and the obtained
results are brief in Table 1. The estimations values confirm that the proposed generator can pass many of the
underlying statistical tests and the basic requirements for the uniform distribution are met. Thus, the generated
key stream is uniformly distributed and cannot be predicted by an enemy.

-3-

Table 1: Results of Statistical Tests NIST

No. Statistical tests P_Value | No. Statistical tests P_Value
. Maurer’s Universal,
1 Frequency (Monobit) 0.7518 9 (L=7,Q=1280) 0
2 Block Frequency (M =20) 0.4224 10 Lempel-Ziv Compression 0
3 Runs Test 0.1522 11 Serial 0
4 Longest Runs of Ones(M=5) 0.0167 12 Approximate Entropy 0
5 Binary Matrix Rank(M = 7) 1.1872 13 Linear Complexity (M = 22) 0.1736
Cumulative Sums 0.7200&
6 Spectral DFT 1.000 14 (Backward) Zero & One 1.000
7 Non-overlapping, M=12,B=[1 0 1] 0.0153 15 Random Excursions 0.6126
8 Overlapping, M =22B=[11011] 0.7856 16 Random Excursions Variant 0.4319

2.2 Proposed Encryption Scheme

The image encryption process utilizes an external biometric secret key of 160-bit long from SHA-1.
Further, the secret key is divided into blocks of 8-bit. Now, the proposed scheme generates the initial seed of
the employed chaotic tent map, y,and the initial cipher pixel C,from the extracted external biometric key K.
Presume that the external secret key is represented as follows:

K = Kl KZ KZO (6)
Where K; performs a block of 8-bit of the overall 160-bit biometric key K.

To compute y, and C,, the following two steps are carried out:

K
yo= (Zio0O K; +522) mod 1 (7)
Co = <(@§i’§g”‘(’” K; + K;/256) » 10A4) mod 256 ®)

The suggested encryption handles the plain image as a stream of pixels, each pixel is represented by 8-bit, and
encrypts the input image pixel by pixel according to the following steps:

Step 1: Convert the 2D plain image P into 1D vector by reading the pixels from top left to bottom right
sides. The obtained plain image vector and its corresponding cipher vector are denoted by P and C,
respectively.

P=PP, .. P, ©)

C=(,C, ... Cp, (10)
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Step 2: Encrypt the current pixel P; to obtain its corresponding cipher pixel C; according to

Ci= [P, ® {([K; + T(y;)] mod256) D C;_1}] > T; (11)

Where y; denotes the current input for the Tent map T depicted in Eg. 2 and can be calculated as
follows:

T(y) = STy, (12)

-4-

If the next value obtained is within the subinterval between (0.2, 0.8), the iteration goes on until a
desired number not be subinterval between (0.2, 0.8) then exit from tent map. After encryption of each pixel,
we modify the K; and initial value of the tent map y, as follows:

K, = K(T(y)mod 19) + 1) (13)
Vir1 = ((((K(@i — 1)mod20) + 1) + K((T(y;)mod19) + 1)/255))mod 1 (14)

Step 3: Set i=i+1 and apply the step 2 until all pixels are encrypted.
Step 4: Convert C to 2D array to obtain the final encrypted image.

2.3 Proposed Decryption Scheme
Decryption is very simple; the same pad is generated but this time un-merged with the ciphertext to

retrieve the plaintext. The decryption module receives an encrypted image (cipherimage) and the same 160-bit
biometric secret key is generated and returns the original image (plainimage). The decryption scheme applies
the same steps with the replacement of the encryption mapping with the inverse mapping of Eq. 11.

3. EXPERMENTAL RESULTS

To demonstrate the efficiency of the proposed cipher, several experiments are performed on a set of
biometric images downloaded from CASIA (Chinese Academy of science and institute of Automation)
database [15]. Also, for the numerical evaluation of the encryption quality, the correlation coefficient (C.C)
between the plainimage and cipherimage is estimated. Mathematically, C.C can be expressed according to
[13, 14] as follows:

N Z]N=1(Xj X yj)- 21‘N=1Xi X 21‘N=1 Yj

C.C=
JONE- R x)2) x (N EvE- L, yp)

(15)

Where x and y denote the grey values of the pixels for the plainimage and the corresponding encryption result.

The encrypted images which are illustrated in Fig. 1 emphasize the feasibility of the proposed
scheme. Obviously, the proposed scheme effectively conceals all features of the plainimage which means that
the encrypted image is visually indistinguishable. Also, the results are compared with the standard encryption
algorithms (AES, RC5, and RC6) in Table 2, where the proposed scheme retains the smallest Correlation
Coefficients (C.C).

Table 2: The evaluation of encryption quality

Cairo University-Institute of Statistical Studies and Research

67



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

Correlation Coefficient
Images
RC5 RC6 AES Proposed Cipher
Iris001_1_1 0.0118 0.0225 0.0152 -0.0073
Iris001_2 1 - 0.0258 0.0091 -0.0884 0.0064
Fingerprint100_LO 0 0.0400 0.0078 -0.0119 0.0052
Fingerprint100_R0_0 0.0386 0.0056 0.0183 0.0031
Palmprint0001_m_L_01 - 0.0284 0.0067 0.0040 - 0.0044
Palmprint0001_m_R_01 - 0.0061 0.0050 0.0031 0.0032
5.

Fingerprint Palmprint

Iris_enc. Fingerprint_enc. Palmprint_enc.
Fig 1: Encryption by the propose scheme
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4. SECURITY ANALYSIS

An acceptable encryption algorithm must thwart all kinds of cryptanalytic threats such as statistical
attacks and exhaustive search attacks, differential attacks and related key attacks [13, 14, 16]. In this section,
several security tests are applied to the proposed cipher to demonstrate its satisfactory security level.
4.1 Statistical Analysis

From cryptanalysis point of view, statistical analysis may enable an attacker to crack the cipher and
recover the plain image from its cipherimage. Indeed, several cryptography schemes have been successfully
broken through the statistical analysis such as permutation based ciphers. Hence, to confirm the strength of the
proposed cryptosystem, the statistical analysis based on histogram and adjacent pixel correlations analysis are
performed. The obtained results demonstrate the ideality of the proposed cipher with respect to statistical
attacks.

4.1.1 Correlation of Two Adjacent Pixels

The correlations between neighboring pixels are tested for horizontal, diagonal, and vertical
adjacent pixels for the plainimage and the associated cipherimage. First, several pairs of adjacent pixels in
different directions are randomly selected. Then, calculate the correlation coefficient between them according
to Eq. 15. The results of the adjacent correlation analysis for horizontal pixels for iris image and its related
cipherimage are illustrated in Fig. 2. The obtained values for the correlation coefficients in the plainimage and
cipherimage are tabulated in Table 3 for different directions. Obviously, there is an extraneous correlation
between adjacent pixels in the cipherimage. On the other hand, the plainimage appears well correlated
adjacent pixels which prove that the success of the proposed scheme in decreasing such correlation.

Table 3: Obtained Values of C.C between Adjacent Pixels for Plainimage/Cipherimage

Direction Plainimage Cipherimage
Horizontal 0.9701 0.0679
Vertical 0.9752 0.0009
Diagonal 0.9539 -0.0459
-6-
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4.1.2 Gray Histograms Analysis
Additionally, to prevent an opponent from exploiting the statistical features of the cipherimages to

obtain valuable information about the plain image, the cipherimage must bear a high dissimilarity to the
original image. The histogram of several encrypted biometric images and its related original biometric images
are studied. One of these examples shown in Fig. 2 displays the histogram of a cipherimage and the histogram
of corresponding original image denoted by iris image. It is clear that the encipher image histogram is uniform
distributed and notably dissimilar to the relevant histogram of the corresponding original image and
consequently does not afford any indication about the original plainimage. Thus, an opponent cannot apply
any statistical analysis on the proposed cipher.

. } S " = " ~ r -
32 03 3¢ 05 &8 Y. 03 o5 PO e - ——

H|stogram of or|g|nal |mage Horizontally adjacent pixels for plain image

s J 0 oo amartosinn it h ot 4 3 N .

0 .\ \ to OD“

-

2 83 9 B5 05 07 B 09
Encrypted iris image H|stogram of Encrypted image  Horizontally adjacent pixels for cipher image

Fig. 2. Histogram and correlation coefficient of two horizontally adjacent pixels
in plain image and its related cipher image

4.2 Information Entropy Analysis
Information entropy is considered as a significant indicator to randomness degree. According to
Shannon’s theory [17], the entropy of an information source IS can be defined as follows:

HUS) = — Y251p(IS)log, P(S)) (16)

Where P(IS;) denotes the probability of symbol IS;, and L is the number of bits used in representation of
symbols of the source IS. According to this definition, it is found that the idea value of entropy for a random
image with 28 (256) gray levels equals 8. To test the safety of the suggested scheme against the entropy
attack, the entropy values for several images encrypted by the proposed scheme are estimated and are
displayed in Table 4. The obtained estimators are too close to the expected value of 8 of a perfect random
image. Thus, the proposed image cipher can defy the entropy attacks.

Table 4: Results of Information Entropy Analysis.

Images Entropy Images Entropy
Iris001_1 1 7.9977 Fingerprint 100_R0_0 7.9982
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Iris001_2 1 7.9982 Palmprint 0001_m L 01 7.9995

Fingerprint 100 LO 0 7.9984 Palmprint 0001_m R_01 7.9994
-7-

4.3 SENSITIVITY ANALYSIS
A perfect encryption procedure must be wholly sensitive to small modification in the associated
encryption key and the original plainimage. Namely, the trivial variation on a single bit in either the
plainimage or the secret key should yield a significant change in the cipherimage (i.e. completely different
enciphered image). To verify the robustness of the proposed algorithm, the following analysis is employed.
4.3.1 Key Sensitivity Analysis
One aspect of key sensitivity for a secure cipher is the failure of restoring the plainimage from
cipher image if there is only a slight diversity between decryption and encryption keys. Really, this feature
also promises the high resistance of the cryptosystem to brute-force attacks. On the other hand, the resulting
cipher image from a small changing in the encryption key must result in extremely different enciphered
image. To test the high sensitivity of the proposed cipher to the changes in the secret key, the following steps
are carried out:
1) Use the secret key K; to encrypt the plainimage shown in Fig. 4(a) and the ciphered image is denoted

as A as depicted in Fig. 4(b).

2) The same plainimage is enciphered again by the key K, where this key is different from the previous

key K, in only the most significant bit. The resulting image B is displayed in Fig. 4 (c).

3) Finally, the same image is enciphered again by the key Kz where this key is different from Ky in only

the least significant bit. The resulting image C is illustrated in Fig. 4 (d).

4) Compare the enciphered images A, B and C to find their differences.

Fig. 4 shows the plainimage and the three corresponding cipher images produced from the
applications of the aforementioned steps. To computationally compare theses encrypted images, the
correlation between each pair of them is evaluated. Table 5 lists the obtained results for correlation. It is
obvious that modifying only one bit of the secret key yields entirely distinct enciphered images with
insignificant correlation between them.

Table 5: Obtained C.C Analysis for Cipher by Slightly Different Secret Key.

Imagel Image2 Correlation coefficient
Encrypted image A Encrypted image B - 0.0005
Encrypted image B Encrypted image C -0.0017
Encrypted image C Encrypted image A - 0.0056
a) Original image b) Encrypted image Cl;  c¢) Encrypted in_1age Cl2 d) Encrypted image CI3

Fig. 4: Key sensitive

Moreover, the attempt to recover the original image from the enciphered one with slightly different key fails.
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Particularly, Fig. 5 (a) and Fig. 5 (b) explain the original plainimage and the associated encrypted image
produced using the secret key K1, Severally, whereas Fig. 5 (¢) and Fig. 5 (d) draw the retrieved images from
the decryption procedure with a correct key K1 and a slightly different key K2, respectively. Distinctly, the
deciphering with a somewhat distinct key cannot succeed.

-
]

= y

- - =N ) =3 - e : ?-.‘- gL 3 Ca) 3 Bt
~ P’ CAy i !:; . - bl g Y X
a) Original image b) enciphered image ¢) Recovered image d) Recovered image
With secret key With secret key by slightly different key

Fig. 5: Key sensitive test

4.3.2 Plainimage Sensitivity Analysis
Another demand for a perfect encryption technique is its high allergy to little changes of the original
image. To evaluate the suggested algorithm in this trend, two standards can be applied. The first one is the
Number of Pixels Change Rate (NPCR) and the second is the Unified Average Changing Intensity (UACI).
Presume that P1 and P2 are two images with only one pixel various, and the secret key applied is indicated by
K, the next proceedings are utilized:

1) Use the secret key K to encrypt the first plainimage P; displayed in Fig. 4(a) and the related
enciphered image is denoted as C;.

2) The same secret key K is used to encrypt the second plainimage P, which is different from Py in only
one pixel. The resulting image is named C.,.

3) Finally, compute the values of UACI and NPCR according to the following equations[13,16]:

! |C.@, ))—C,(i, j)| y
UACI—WXH[; 255 } 100% (17)
NPCR:ZMAOO% (18)

O x

Where W and H are the width and height of C; or C, and D (i, j) is evaluated as follows:

1 otherwise (19)
The test is executed on iris biometric image of size 280 x 320, and the result of NPCR estimator is
found to be over 99.76%. As well, the value of UACI estimation is calculated to be over 33.49%. The
obtained values of NPCR and UACI demonstrate that the suggested cipher is robustly sensitive to

modifications happened in the original image.

5. Conclusion

A prospective technique for encryption images is suggested which employs one of chaotic systems
(tent map). The suggested is depended on a chaos- feedback mechanism. The major merit of the suggested
scheme depends on the employment of biometric secret image extract an external secret key by utilizing
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Arnold cat map for shuffling places of biometric pixels and then employs SHA-1 hash algorithm and logistic
map to change the values of pixels, which enhance effective key. The encoding of each pixel depends on the
secret key, the preceding enciphered pixel and the output of tent map. The performed empirical results explain
that the encrypted image has tiny correlations between neighbor pixels, roughly uniform image histogram
which can be seen as roughly random image. Furthermore, the plain image allergy parameters are near to their
exemplary values of 99.76% and 33.49%. The suggested scheme has high plain-image sensibility. So the
suggested scheme is resistive to statistical and differential threats. Thus, the suggested scheme can is powerful

versus the joint assaults.
-0-
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Cauchy Based fuzzy neural network with Mutual Subsethood
Product Inference

Nelly S. Amer *, Hesham A. Hefny?

Abstract

This paper presents a mutual subsethood product fuzzy neural model
based on Cauchy fuzzy sets. The proposed model has the ability to perform
classification using both of numeric and linguistic inputs simultaneously. Fuzzy
rule-based knowledge is translated into network architecture. Connections in the
network are represented by Cauchy fuzzy sets. The firing degrees of the fuzzy
IF-Then rule are based on fuzzy mutual subsethood similarity measure. Which
Is computed neither approximated nor numerically. It is computed by an exact
formula. We focus on the classification ability of the model and demonstrate its
performance on two benchmark classification problems: the IRIS data
classification, Hepatitis medical diagnosis.

Keywords: fuzzy neural network, Fuzzy mutual subsethood.
1. Introduction

Fuzzy systems have been successfully used in a variety of applications, such
as pattern recognition, automatic control and fuzzy inference systems [1].
It is very difficult to find a global function or analytical structure for a nonlinear
system. In contrast, fuzzy logic provides an inference morphology that enables
approximate human reasoning capability to be applied in a fuzzy inference
system. Therefore, a fuzzy inference system employing fuzzy logical rules can
model the quantitative aspects of human knowledge and reasoning processes
without employing precise quantitative analysis.

In recent past, artificial neural network has also played an important role in
solving many engineering problems. Neural network has advantages such as
learning, adaptation, fault tolerance, parallelism, and generalization [2]. Fuzzy
systems utilizing the learning capability of neural networks can successfully
construct the nonlinear input output mapping for many applications. The term
neuro fuzzy system [3] refers to an adaptive fuzzy systems, where neural
network learning techniques are employed to adjust the shape of fuzzy sets, i.e.
linguistic values, of the fuzzy rule base that constitute the model of the
considered nonlinear phenomenon. Such a hybrid model has been applied
efficiently in several applications including classification, function
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approximation [4]. In the subsethood based fuzzy neural models, the adaptive
fuzzy model can handle simultaneous admission of fuzzy or numeric inputs
along with the integration of a fuzzy mutual subsethood measure for activity
propagation

Fuzzy neural model based on mutual subsethood measure has a lot of
applications. Several approaches have been proposed in literature to compute
the firing degrees of the fuzzy IF-Then rule based on mutual subsethood
similarity measure. Most research works made in this area adopt triangle or
trapezoidal fuzzy sets due to the simplicity for obtaining an exact mathematical
formula for the overlapping area. However, when dealing with continuous fuzzy
sets, most of research works are based on numerical approximation, or
approximate similarity formulas. Some researchers also used the possibility
measure as a measure of similarity. In [5,6,7,8 and 9] the authors tried to
calculate exact formula for similarity measure of Gaussian fuzzy sets, But these
exact formulas were for four different possible cases of intersection, a general
closed analytical formula could not be found, and hence high computational
effort was done. Finally, in [10] , the generalized analytical formula of
similarity measure of Gaussian fuzzy sets has been successfully obtained which
can be used for distinguishability quantification. in [11], an exact analytical
formula of mutual subsethood similarity measure of Cauchy fuzzy sets has been
obtained which the work in this paper is inspired by it.

The organization of the paper is as follows: section two provides the
architectural of the model. Section three describes the numeric and linguistic
inputs. Section four presents the learning algorithm. Section five provides the
set theoretic similarity measure for Cauchy fuzzy sets, and Section six
demonstrates the application of the model pattern classification.

2. Architecture of the model

The proposed fuzzy neural model represents fuzzy rules of the form

If A is SHORT and A, is TALL then B is MEDIUM.

Where A, A, , B, SHORT, MEDIUM, and TALL fuzzy are fuzzy sets defined,
respectively, on input or output universes of discourse (UODs). As seen in fig.1.
The input nodes of the first layer in the fuzzy neural network represent domain
variables or features, and output nodes represent target variables or classes.
Each hidden node represents a rule, and input-hidden node connections
represent fuzzy rule antecedents. Each hidden-output node connection
represents a fuzzy-rule consequent. Fuzzy sets corresponding to linguistic labels
of fuzzy if-then rules (such as SHORT, MEDIUM, and TALL), are defined on
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input and output UODs and are represented by Cauchy membership functions
specified by a center and spread. Fuzzy weights w;; from rule nodes j to input

nodes i are thus modeled by the center wj; and spread wﬁ of a Cauchy fuzzy set

and denoted by w;; = (w,w}) . By the same way, consequent fuzzy weights
from output nodes to rule nodes are denoted by wy; = (wg;, wg;).

Subsethood Product Fuzzy Neural Inference system (SuPFuNIS ) can
simultaneously admit numeric inputs as well as fuzzy inputs. Numeric inputs
are first fuzzified hence all inputs to the network are fuzzy. Since antecedent
weights are also fuzzy, then it requires a method to transmit a fuzzy signal along
a fuzzy weight. In our SUPFUNIS model fuzzy mutual subsethood is employed

to handle Signal transmission along the fuzzy weight.

input layer Rule layer Qutput fayer
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Fig. 1. Architecture of the fuzzy neural model.
3.  Numeric and linguistic inputs

In this section we will show how the model can accept numeric inputs or
ligustic inputs. It is known that The input features (xy, ... .....x,) can be either
numeric or linguistic. Linguistic nodes accept a linguistic input represented by a
fuzzy set with a Cauchy membership function and modeled by a center a; and
spread b;. The linguistic input feature x; is represented by the pair(a;, b;).
Numeric nodes accept numeric inputs and fuzzify them into Cauchy fuzzy sets.
They are fuzzified by treating them as the center of a Cauchy membership
function with a specified chosen spread. We chose a spread value of 0.5 for the
applications presented in this paper. Therefore, the signal from a numeric node
of the input layer also is represented by the pair(a;, b;). Antecedent connections
uniformly receive signals of the form(a;, b;). Signals S(x;) = (a;,b;) are
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transmitted to hidden rule nodes through fuzzy weights which is of the
form(aji, b]l)

4. The learning algorithm

The SuPFuUNIS model is trained by back propagation supervised learning
[9] . The model is trained by repeating presentation of a set of input patterns
drawn from the training set. The firing degree of the fuzzy IF-Then rule will be
computed set theoretic which will be shown in the next section. The output of
the network is compared with the desired value to obtain the error, and network
weights are changed on the basis of an error minimization criterion. Once the
network is trained to the desired level of error, it is tested by presenting a new
set of input patterns drawn from the testing set.

5. The Fuzzy mutual subsethood

The fuzzy mutual subsethood is the set theoretic similarity measure which is
used to measure the similar degree between two fuzzy sets [12].

The set-theoretic similarity measure usually used in interpretability analysis is:

|ANB|
|[A|+|B|-]|ANB|

S(A,B) = ,Where A and B are fuzzy sets. (D

Where |.| denotes the cardinality of the set [13].
For the Cauchy fuzzy sets, first, the general form of Cauchy fuzzy set is

1
X—a
1+

ulx) = (2)

where a is the center, b is the width and X belong to the domain

Let uy(x) and ug(x) be two Cauchy fuzzy sets of the following forms

1
HA(x) - 1+(x;(111)2 ’ (3)
(x) = 1 4
ke (%) = Ty @
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The cardinality of Cauchy fuzzy sets calculation becomes integration as
follows [11]:

+0o 1

+00
|A| - f_oo Au'A(x) - f_oo 1+(x;_f1)2 - bln (5)
+ 00 + 00 1
|B| - f_oo HB (x) - f—oo 1+(%)2 - bzn- (6)
|AﬂB| :bminﬂ-l"Q (7)
Where
_ Ch Yranet M) _ . -1 (M)
Q (bmax bmm) tan (bmax — bmin (bmax + bmln) tan bmax + bmin
bmin = min(blin)
bmax = maX(bl, bz)
Amin = min(ay, a;)
Amax = Max(ay,a,)
(8)

The generalized formula for the similarity measure between two Cauchy fuzzy
sets A and B with centers a, and a, and widths b; and b, can be obtained
directly as follows:

bminT+L
bmaxmT+Q

S(A,B) = ©)

6. Applications in pattern

The pattern classification problem deals with categorization of an unseen
pattern to 1-of- classes. These classes are either predefined or are learned based
on the similarity of patterns. Common approaches for pattern recognition
include neural networks, statistical methods, discriminant analysis, fuzzy
systems, neural networks, and hybrid methods [5]. Attempts have also been
made to design hybrid systems involving multiple models.

Our model in this paper has been tested on two different pattern classification
benchmark data sets: IRIS data and hepatitis diagnosis [6]. For the IRIS
classification problem, we report the resubstitution error which is uses the same
data for training and testing and it is computed as the number of
misclassification of patterns of all classes. For the hepatitis diagnosis
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classification problems, we report the test errors where the network is trained on
a training data set that is distinct from the test set. The test error is the number
of misclassification of patterns of all classes.

6.1 IRIS Data Classification

IRIS data involves classification of three classes of the IRIS flower namely,
IRIS sestosa, IRIS versicolor, and IRIS virginica on four feature of the IRIS
flower:

1) Sepal length;

2) Sepal width;

3) Petal length;

4) Petal width.

There are 50 patterns (of four features) for each of the three subspecies of IRIS
flower. The input pattern set thus comprises 150 four-dimensional patterns. This
data is available from UCI repository of machine learning databases from
http://www.ics.uci.edu/~mlearn/MLRepository.html.

The input layer consists of four numeric nodes and output layer comprises
three class nodes. The number of nodes in the rule layer depends on the number
of rules for which the network is trained. To train the network, initially, the
centers of antecedent weight fuzzy sets were randomized in the range of the
minimum and maximum values of respective input features of IRIS data. These
ranges are (4.3000, 7.9000) which represent the minimum and the maximum of
sepal length of 150 IRIS patterns, (2.0000, 4.4000) which represent the
minimum and the maximum of sepal width of 150 IRIS patterns, (1.0000,
6.9000) which represent the minimum and the maximum of petal length of 150
IRIS patterns, and (0.1000, 2.5000) which represent the minimum and the
maximum of petal width of 150 IRIS patterns. The centers of hidden-output
weight fuzzy sets were randomized in the range (0, 1), and the spreads of all
fuzzy weights were randomized in the range (0.2, 0.9). The feature spreads are
taken as 0.5. All 150 patterns of the IRIS data were presented sequentially to the
input layer of the network for training. The learning rate and momentum were
both taken as 0.0007 and kept constant during the training period.

Once the network was trained, the test patterns (which again comprised all
150 patterns of IRIS data) were presented to the trained network and the
resubstitution error computed.
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TABLE |
BEST RESUBSTITUTION ACCURACY FOR IRIS DATA FOR DIFFERENT
SOFT COPMTING ALGORITHMS

Method Rules Resubstitution

accuracy (%)
FuGeNeSys 5 100
NEFCLASS 7 96.7
ReFuNN 9 95.3
EFuUNN 17 95.3
FuNe-I 7 96.0
SUPFUNIS 5 100
Our Model 3 100

Table I, [8] compares between our model and other techniques according to
resubstitution accuracy which indicates that our model can strongly classify
IRIS data with least number of rules.

6.2 Medical Diagnosis

This problem deals with hepatitis diagnosis which requires classifying
patients into two classes Die or Live on the basis of features which are both
numeric and linguistic. The data can be obtained from
http://www.ics.uci.edu/~mlearn/MLRepository.html.

The hepatitis data set has 155 patterns of 19 input features with a number of
missing values. There are six numeric features namely Age, Bilirubin, Alk
Phosphate, SGOT, Albumin, and Protime, and the remaining 13 features are
linguistic in nature.

As there are a number of missing data, preprocessing of data is required. The
data set consists of 75 patterns that have one or more features unspecified. A
new set of data was formed by fitting some of the missing numeric values.
Twenty patterns which had either a missing symbolic feature value, or more
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than two missing numeric feature values were first discarded. The missing
numeric values in the remaining 55 incomplete cases were filled with the
average value of the missing feature calculated on a class-wise basis from the 80
original complete data [5 and 6]. By this method we were able to reconstruct a
data set of 135 patterns. The numeric features of these 135 patterns were
normalized feature-wise in the range [0, 1]. Symbolic features(yes/no or
male/female) were represented by constructing two fuzzy sets: the symbolic
value “no” represented by a fuzzy set with Cauchy membership function having
center as zero and spread as 0.5, and “yes” represented by a Cauchy
membership function centered at one and spread 0.5. The spreads were assumed
to be trainable during the learning procedure.

Experiments were conducted using two data sets: Data Set 1 comprising of
only 80 of 155 patterns that were originally complete in all respects; and Data
Set 2 comprising 135 patterns (80 originally complete and 55 reconstructed).
For training, 70% patterns were randomly chosen and the remaining 30% were
used for testing. Five combinations of such 70 %( train) and 30 %( test) were
randomly generated separately for Data Set 1 and Data Set 2. Experiments were
then conducted on each of these individual data set combinations using
SUuPFuUNIS architecture which had 19 input nodes, 3 nodes in the hidden layer
and 2 nodes in the output layer. During the training, both learning rate and
momentum were kept constant as 0.0007.

Table Il shows the average classification accuracy obtained using SuPFuNIS
for both data sets, compared with Kumar [8] to solve the same problem and it
refers to the testing accuracy is raised in our model where the average of testing
accuracy of data set 1 in our model is 94 % where in Kumar was 91.67. In data
set 2 our testing accuracy average is 97 where in Kumar model was 96.5.

TABLE Il
TESTING ACCURSCY IN % USING THREE RULES FOR HEPATITIS
DATA
Method Experiment | 1 2 3 4 5 Average

%

Kumar Model Data Setl |91.67|100 |87.5 |87.5 |91.67|91.67

Data Set2 | 975 |975 |975 |925 |97.50 | 96.50
Our Model Data Setl | 95.83 | 95.83 | 95.83 | 91.67 | 91.67 | 94
Data Set2 | 97.5 |95 975 [975 | 975 |97

Conclusion
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In this paper we proposed a SuPFuNIS model which can handle both
numeric and linguistic inputs and we showed that it was different of other
SuPFuUNIS models where first it used Cauchy function membership and a lot of
other model used Gaussian membership. Second it computed the mutual
subsethood by exact formula not approximated, not numerically and not exact
with different cases for intersections as Kumar. And hence the model was low
computationally and its efficiency appeared in the two patterns classification
cases.

References

[1] Song Hengjie et al, “a fuzzy neural network with fuzzy impact grade”,

Neurocomputing 72, pp 3098-3122, April 2009.

[2] Hengjie Song et al, “Implementation of Fuzzy Cognitive Maps Based on
Fuzzy neural Network and Application in Prediction of Time Series”, IEEE

Transactions on fuzzy systems, Vol. 18, No. 2, pp 233-250, April 2010.

[3] Amit Mishra and Zaheeruddin, “design of hybrid fuzzy neural network for

function approximation”, J.Intelligent learning systems and applications, 2,

pp97-109, May 2010.

[4] Antonios D. Niros and George E. Tsekouras, “A novel training algorithm
for RBF neural network using a hybrid fuzzy clustering approach”, fuzzy sets
and systems, 163, pp 62-84, 2012.

[5] Sandeep Paul and Statish Kumar, “Subsethood product fuzzy neural

inference system”, IEEE Transactions on neural networks, Vol.13, No.3, pp578-

599, May 2002.

Cairo University-Institute of Statistical Studies and Research

83



The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

[6] Sandeep Paul and Statish Kumar, “Subsethood based adaptive linguistic
networks for pattern classification”, IEEE Transactions on systems, man and
cybernetics- part c: applications and reviews Vol.33, No.2, pp248-258, May
2003.

[7] Sandeep Paul and Statish Kumar, “fuzzy neural inference system using
mutual subsethood products with applications in medical diagnosis and

control”, IEEE international fuzzy systems conference, pp 728-731, 2001.

[8] C.Shunmuga Velayutham and Statish Kumar, “Some applications of an
Asymmetric Subsethood Product Fuzzy Neural Inference System”, IEEE

international conference on fuzzy systems, pp 202- 207, 2003.

[9] C.Shunmuga Velayutham and Statish Kumar, “Asymmetric Subsethood-
Product Fuzzy Neural Inference System (ASuPFuNIS)”, IEEE Transactions on
neural networks, Vol. 16, No. 1, pp 160 — 174, January 2005.

[10] Hesham A.Hefny, “Comment on: Distinguishability quantification of fuzzy
sets”, Information Sciences (177), pp 4832-4839, February 2007.

[11] Nelly S. Amer and Hesham A.Hefny, “Analytical formulas for similarity,
possibility and distinguishability measures of Cauchy type fuzzy sets with
comparison to Gaussian fuzzy sets”, Proceedings of the 7" IEEE International
Conference on Intelligent Computing and Information Systems (ICICIS15), vol.
3, pp. 22-27, 2015.

Cairo University-Institute of Statistical Studies and Research

84



The 52" Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec, 2017

[12] Shifei Ding and Fengxing Jin, “A Novel Fuzzy Likelihood Measure
Algorithm”, IEEE International conference on computer Sciences and software

Engineering, pp 945-948, 2008.

[13] Shang- Ming Zhou and John Q.Gan, “Low —level interpretability and high-
level interpretability: a unified view of data-driven interpretable fuzzy system
modelling”, Fuzzy Sets and Systems 159, pp 3091-3131, June 2008.

Cairo University-Institute of Statistical Studies and Research

85



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

Survey on Land Change Modeling
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Abstract

The presented paper covers the subject of land change modeling, including the current approaches,
applications, and the future prospects. A lot of classifications schemes do exist for the land change
modeling approaches, many of which don't cover the massive variety of the land change models. Land
change models requires to be organized and grouped to ease the procedure of selecting the most suitable
one given a certain application or to satisfy a specific purpose. Applications of land change models and
the preferred model for each application form a critical step included within the modeling land change
process. The more precise the model fits a certain application including all its requirements and
specifications the higher the accuracy of the simulated results, and more related to real world they will
turn out to be. Although the last decade showed a great development not only in the field of land change
modeling, but also in the land change science as a whole, still a number of problems do exists and needs
to be addressed in order to move the land change modeling to the next level. Despite of the existing
problems, chances for developments in the future are present. Developments such as the integration
between the different approaches of land change modeling must be further studied to benefit from the
advantages of different approaches and to limit drawbacks that accompany each approach. Some other
future development ideas described in the future prospects section.

Key words: Land use/cover change, Land change modeling, LULCC applications.

1. Introduction

Land use land cover change(LULCC) presents the way human being change and modify the surface
of Earth[1]. Land change modeling approaches form the primary foundation for creating a model, a
model that will not only be concerned with the study of changes in land use and land cover, but also will
identify the causes and consequences of such a change [2]. Prediction of future changes and simulation of
different scenarios based on different policies can also be estimated using land change models. Such
capabilities form a great interest in different disciplines [3], [4]. This paper aims to, discuss and review
the current practices of land change modeling approaches; to identify a set of models and some examples
of its applications, and to propose ideas for improving land change modeling. This paper is organized to
discuss some of the different classifications of land change modeling approaches, pick out the most
appropriate classification that does handle most, if not all models of land change, discuss the conceptual
basis that convey the idea of each approach and the models built upon it, also to talk about the cons and
pros of each approach, and to demonstrate each approach separately and in comparison with each other.
Also to demonstrate different applications and models that may be used to study those applications.
Based on the discussion of different approaches, models, and applications opportunities to improve the
future of land change models will be shown in the last sections of the paper.
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Section 2 will discuss the current state of land change modeling approaches. Although many approaches
do exist it would be helpful if each approach can be classified under a particular category. The current
practices section discusses a classification of different approaches that can include almost all land change
modeling approaches under one of its categories. Section 3discusses the applications that use pattern
based models to model past changes and predict future ones. . Section 4 of this survey paper focus on the
future prospects proposing ideas for possible advancements that can help improve land change modeling.
Finally section 5 concludes this paper.

2. Current practices:

Land change modeling approaches can be sorted according to different features. Although
plenty approaches do exist[1], [2], [5]-[7]. Some researchers focused on a specific set of
approaches such as spatially explicit modeling approaches [8], [9] or approaches for
descriptive models (All, 2016). Others described a much wider range of approaches [1], [4],
but still a much general classification that all or at least most of the approaches can be
categorized under one of its classes. The classification proposed in [10], [11] suggested
different approaches for land change modeling (Figure. 1). The classification covered a wide
range if not all of modeling approaches and maintained a common ground to distinguish
between modeling approaches while keeping in mind the theoretical and practical structure of
each approach. Anyone who is interested in the theoretical and empirical foundation and much
more detail of any given modeling approach can refer to previous reviews i.e.[10], [12]

Pattern oriented

approaches Machine Learning

& statistical approach

Celluar approach

Sector-based Economic approach

Spatially disaggregated economic
approach

Structurally oriented
approaches
(focused on process)

agent based approach
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Figure.1. LCM Approaches: current practices.
2.1. Machine learning and statistical approach

This approach is considered to be a pattern based approach, and it has been using some kind of
statistical model along with algorithms (i.e., Classification and regression trees, logistic regression, and
artificial neural networks[7], [13]) to demonstrate relationships between changes of land use or cover and
leading variables of the locations where they are likely to take place[4], [10], [12]. Machine learning is
more appropriate whenever data related to patterns can be obtained while theory required for process
can’t. Whenever short-term views and predictions of the near future are in need machine learning
approaches proven to be useful. In event of huge data or larger quantity of data sets the ability of the
algorithms contained within this approach have proven to perform highly. This particularly means that
the algorithm can run with limited computational requirements[4]. The algorithms are particularly used to
project and generalize relationships found between inputs and outputs[10].

2.2 Cellular approach

The concept behind cellular automata is that each cell can carry a specific current state

and can be moved to a next state which can be calculated using the current state, some
transition rules and the neighbor cells also affect the process[4]. The bases of this method are
shaped merging three components. The three components are suitability maps which indicate
the degree in which a specific land can be used for a particular purpose[14], the second
component focus on the impress of neighborhood on the land units used to mimic the study
area, and the third component include information about the quantity of expected change of
land[10].
The latter component enhances the power of the approach to predict and study the changes that are more
likely to happen in the future[15]”. The similarity between data structure in cellular models and land
cover data abstracted from remote sensing makes it simple to start processing. Despite the simplicity of
the three basic components forming cellular method seem to be, the format of models starts to develop a
form of complicity when replacing the regularly formed pixels with spatial units. The selection of cellular
models is not necessary because of the way it fits a specific case, sometimes one can choose to formulate
the case study using cellular models due to their simplicity and well defined structure [10].

2.3 Econometric approaches

The third approach depends on the economic sector. Economic models connect outcomes that are
generated from microeconomics actions that define the interaction between demand and supply to
produce land use patterns[4]. The economic models determine the relationships between available and
desired states which produces a link between prices and land use patterns. One of the features that
characterize economic models its capability to explicitly determine how human being decisions affects
land use, this quality is not contained within different approaches like the statistical or machine learning
approaches[4]. this is particularly not an easy task taking in consideration the complexity of human

Cairo University-Institute of Statistical Studies and Research

88



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

decisions and thinking mechanism[4]. The following two subsections and figure 2 define two different
types of economic models. The sector based models and the spatially disaggregated models [4], [10].
The sector based models which can work on aggregated scale or spatially disaggregated models
which operated at disaggregated scale.

Economic
Models

Spatially
Disaggregate
Models

Sector Based
Models

General Partiall
Equilibrium Equilibrium

Figure.2: Economic models.

2.3.1Sector-Based Models

The sector based economic approach makes a great use of equilibrium structural models,
whether general or partial, this is for the representation of demand and supply processes
included in land system and defined by economic sectors which are based on trade and
economic activity. Models of this approach basically concentrated on trade activities which can
be detected in regions or sectors along with inputs and outputs, this is mainly to define demand
and need for a specific land type. As mentioned before, those models are mostly structural
which means they represent supply and demand explicitly as a contributing factor to market
equilibrium. The scope of an economic system which is represented by sector-based model
differentiates between models: partial equilibrium and general equilibrium models differ in
their representation of the economic system. General equilibrium represents interactions and
feedbacks between several sectors along with the global economy. While partial equilibrium
models cares more about the details that describe a specific sector as a closed system, which
means no linkages between the model and the rest of the outer economic.

Partial equilibrium models also determine prices, productions, and shares of land within a
specific geographic area such as a country, afterwards uses the same land in different sectors.
In addition, partial equilibrium models assume that the economic conditions in the rest of the
world are fixed.
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2.3.2 Spatially Disaggregated Economic Models

Spatially disaggregated economic models are thought to be structural models either fully
structured or reduced structural. Reduced structural model mechanisms can be only implicitly
illustrated through model specification and chosen variables. Models of this approach define
the relationships that effect on the spatial equilibrium in land systems. One of the aims of this
approach is to help investigators to fully interpret and acknowledge land-use and land-cover
changes as an outcome of decisions made individually, this is possible because this approach
models is designed based on the macroeconomic theory. The theory of microeconomics and
the approaches built on its conceptual bases usually used to evaluate the implications of
variables included in the model.

Economic
Models

Spatially
Disaggregate
Models

Sector Based
Models

Partiall
Equilibrium

General
Equilibrium

Figure.2: Economic models

2.4 Agent-Based Approach

Agent based models represent systems that are organized by a group of actors that interact with each
other, these systems basically referred as multi-agent[4], [10]. When it comes to land change we can call
land owners, farmers or any decision making figure as agents. Agents can be defined as any actor that
contribute to the operation of decision making or the actor that perform a set of actions which has an
effect on land use or land cover patterns[10]. Agents may be conceived as distinct objects that are
accompanied by attributes and behaviors. Agents are associated with attributes that may be discretely or
continuously measured. Interactions may occur between agents or between agents and surrounding
environment this is particularly helpful in the process of collecting information or taking actions that
affects their settings[2]. Although being spatially explicit is not always true for agent-based models, those
involved in researching land change usually are. This means that agents and any associated actions are
pointed at specific locations on Earth’s surface. Agent based models are also considered to be structural
models that use explicit processes to represent land change[10].
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2.5 Hybrid Approaches

This section is dedicated to illustrate how a mix of the previously stated approaches can be used to
address land change in the form of changed patterns and processes. Hybrid approaches are responsible for
integrating theories and data for different environments[2]. Different theories, including economics and
geography and many other contribute in the process of interpreting land change. Most theories cannot
fully explain efficiently the complexity that is involved in land use decision making. The main concept
that the hybrid modeling approaches are based on is its capability to merge various conceptual frames and
theories while representing a system. The strengths of hybrid modeling approaches are derived from the
individual strengths of each approach, also it minimize the drawbacks that may happen to each approach
alone when they are combined[16].

2.6 Comparison of land change modeling approaches
Although the comparison of different models and modeling approaches may be difficult because of the

different fundamental bases[1]. The following sub-sections include some aspects to compare

the main modeling approaches stated above.

2.6.1 Pattern based vs. Process based

When describing the arrangement of the approaches, whether the approach focused on patterns or based
on processes, the most patterns based approaches are the Machine Learning and Statistical and cellular
approaches, while the Spatially Disaggregated Economic Models, Sector-Based Economic Models, and
the Agent Based Models are more process focused as shown in figure. 1.

2.6.2 Likely outcome type

Each approach tented to be used for a certain outcome type. Machine Learning and Statistical approach
most likely used to produce land cover. While Spatially Disaggregated Economic Models and Sector-
Based Economic Models are usually used for land use. Both the land use and land cover have been
produced from cellular approaches and Agent Based Models.

2.6.3 Data requirements

Usual input data requirements differ from one approach to the other, for instance the Machine Learning
and Statistical approach requires land cover maps that were taken across two or more different time slots
and some maps for single or multiple variables the will be used in the prediction process as inputs. While
cellular approaches may require the same data inputs as machine learning approach the only difference it
can only require a single map of land cover at a certain time point. The third approach discussed above
(i.e. Spatially Disaggregated Economic Models) requires only data not maps like the previous two
approaches about land use or land cover at one or more time points. Also takes economic and biophysical
variables that greatly affect the process of demand and supply for land. Sector-Based Economic Models
need the following inputs, the economic variables that effects on the aggregate demand and supply which
include commaodity price and trade value at regional or county scale. The final approach mentioned above
which is the agent-based requires data for describing the agent characteristics, whether quantity or quality
data involved in decision processes. Also requires data on land use or land cover at one or more time
points.
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2.6.4 Preferred uses

As shown in figure (4) Machine Learning and Statistical approach commonly used for producing
predictions by recruiting with past patterns, while Cellular approaches recommended to be used for
predicting land cover patterns, also for evaluation spatial changes without using market feedbacks.
Spatially Disaggregated Economic Models recommended for recognizing the effect of the key variables
on land change outcomes, this is true if the model was a reduced form model. While structural models of
this approach used to simulate effects of changes of policy on the outcomes of the land market. Sector-
Based Economic Models used to predict the aggregate land change which happened under a various set of
changes built upon market which may affect the demand and supply. Agent-based requires data explores
processes of land change usually under certain set of conditions. Also explores the effect of out changes
in a system where they haven’t occurred. Exploring future scenarios where past patterns proven to be
insufficient and cannot refer to future patterns
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Figure.3. Recommended uses for each modeling approach

Figure (4) describes a hierarchy that the coming subsections will illustrate. Starting with the modeling
approach or model methodology category, a subset of selected models was chosen based on how common
they are or based on previous literature and has been reviewed by a number of technical experts in the
field of land change science[18]. This is only a sample of models from each category farther models do
exist, but they are not explained in this paper. This paper is more focused on the pattern based approaches
which are the machine learning and statistical approach and the cellular approach this is why the models
application’s of those approaches are described in details while the other approaches are mentioned with
some references for more information.
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Figure.4. Hierarchical diagram to classify models used for the applications section
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3. Applications of land change modeling approaches

The following figure describes a hierarchy that the coming subsections will illustrate. Starting with the
modeling approach or model methodology category, a subset of selected models was chosen based on
how common they are or based on previous literature. also a large number of the selected models where
mentioned in the "Advancing Land Change Modeling: Opportunities and Research Requirements"” book
which was written by "Committee on Needs and Research Requirements for Land Change Modeling™ and
has been reviewed by a number of technical experts in the field of land change science. This is only a
sample of models from each category farther models do exist, but they are not explained in this paper.
During the search conducted using both Google scholar scientific search engine and ISI's web of
science/knowledge using the name of the model as a keyword, a large number of articles were found to
be related to the topic. For the sake of simplification and organization farther search criterion was
proposed so that no articles before the year 2010 were reviewed in this paper, also all articles that are not
written in English were neglected and only the most rated or top cited or most recent articles when the
search was conducted are discussed.

This paper is more focused on the pattern based approaches which are the machine learning and statistical
approach and the cellular approach this is why the models application's of those approaches are described
in details while the other approaches are mentioned with some references for more information.

3.1 Applications of Machine learning and statistical approach

Model name

Model description

Dinamica ego

is a software written in C++ and java and it includes a set of algorithms that help perform
all the operations concerned with spatial analysis[19].

Land Change

Land change modeler is considered to be Terrset's (previously idrisi's) integrated set of

Transformation
Model

Modeler tools designed for facilitating the process of assessment and prediction of land
changes[20].
Land The LTM considered being a neural network model. [21],the LTM relates both the

potential (dependent) variables with the independent variables and develop numerical
framework to include both inputs and output and trains on the relationship between them
unit acceptable fit is reached to simulate land use cover change [21], [22].

Table.2 machine learning and statistical approach models example

Model name

Application

Integration References
with other

models
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Dinamica ego deforestation, urban dynamics, | - [23]
agriculture expansion, forest fires

to study the role of protected areas in | carbon [24]
reducing carbon fluxes caused by | bookkeeping
deforestation and the model helped | model

predicting the carbon emission

to study changes in oil palm plantation | - [25]
expansion

to study the effect of urbanization and | climate change | [26]
climate changes on future flooding model

to predict and model changes and | - [27]
growth of urban land

deforestation modeling & projecting | - [28]
the future deforestation

Modeling, calibrating, and validating | - [29]
fire regimes

to optimize the ecosystem services - [30]
helped studying the expected effects | - [31]

of agricultural expansion and climate
change and how they both will affect
on soil erosion

to study urbanization, deforestation, | - [32]
Land Change habitat modeling and much more
Modeler To monitor land cover changes of the | - [33]
dry land forest landscape.
the impacts of land use changes and | - [34]

how it affects the erosion risk.

maintain protected & to minimize | climate change | [35]

biodiversity loss model

to analyze urban sprawl & to model | - [36]
urban growth

the spatial analysis of land | - [37]
abandonment

To model the land use and climate | - [38]

patterns and how they affect surface
water quality

spatial planning and to produce | - [39]
different land-use zoning scenarios
Model to assess and evaluate global - [40]

biodiversity loss.
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to spatially asses farming systems and | - [41]
how they affect deforestation, forest
re-growth, and agriculture change
Timber plantation and forest - [42].
expansion from other land cover and
the analysis of causes of change
Prediction of future land use land - [43]
cover
Urban growth analysis and prediction | - [44],[45]
The prediction of transformation to - [46]
certain land category in the future
Land to study urban growth - [47]
Transformation T
Urban prediction - 48], [49
Model P [48], [49]
predict vacant land - [50]
how land use and water quality affect | hydrologic [21]
each other models
Table.3 machine learning and statistical approach applications
3.2 Applications of Cellular Approach
The following subsections will discuss some of the most used cellular based models to simulate land
changes and to project future changes.
Model name Model description
IDRISI’s CA- The CA-Markov model is a model that is included in the IDRISI Selva software, and it is
MARKQOV essentially used to simulate land cover changes and to predict the future patterns[51].
Clue The clue model is concerned with studying the conversion of land use and how such changes

happen and what effects will arise from such changes. The clue model can operate at
international, continental, and regional scales based on the required application and study
area. New versions of the CLUE model has been developed two of the latest versions used
are: Dyna-CLUE and CLUE-Scanner [52].

Sleuth Sleuth model is considered to be one of known and strongly tested examples of cellular
automata models[4], [53]..Sleuth contains two coupled CA models: the land change model
and the urban growth model to asses historical changes and predict future land use
patterns[54].

Geomod The Geomod model had two versions Geomodl and Geomod2, and it was integrated into
IDRISI. Geomod can be applied on continental, country, and local scale and it has been used
to study and analyze land use land cover changes specially scenarios of deforestation as it
simulates the spatial patterns of changes through time[55].

Table.4 Cellular Approach models example

Model name | Application Integration References
with  other

Cairo University-Institute of Statistical Studies and Research

97



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

models

IDRISI’s CA-
MARKOV

to predict and simulate the future land
use and land cover changes

[56]

to simulating urban expansion/growth

[57]

To simulate developments in future
land use that will affect the future of
wild ungulates

[58].

to produce maps projecting spatial
and temporal changes of wetland

[51]

the study and assessment of the
biodiversity

[59]

assist in the process of land resources
management

[60]

To identify changes to land use and
climate that may eventually affect the
water resources

climate
change model

[61]

Clue

to predict land use changes in the
future & the simulation of land cover
changes but at a regional scale & to
study rapid changes in phenomenon
such as agriculture, urban growth,
and trade sector at regional scale &
land use transitions & farmland
abandonment, deforestation, and
carbon sequestration

[32], [62]-[66]

Sleuth

to study urban growth or
development and to project future
scenarios

[53], [67]-[78]

to help in the process of assessing
flood hazards

[79]

Geomod

to study and assess deforestation and
to predict future

[80]

to predict how one land state change
from one state to another

[81]

to assess and predict the changes of
urban expansion scenarios and how it
relates to floods and droughts

[82]

predicting deforestation in the future

[83]

Table.5 Cellular Approach applications

4. Future prospects & trends
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The Current and future direction all is focused on land change science and advancements in how to better
detect past changes and how to accurately predict the future changes as close to reality as possible. The
next few points will discuss future research trends.

o A major topic in advancing land change modeling is concerned with the development of the land
change models validation, evaluation, and calibration practices, as they help both the model
accuracy and advancement also they increase the degree of how well accepted the model to the
user. More research must be conducted to further improve calibration practices specially the
manual calibration and expert knowledge needs more attention also the way calibration is
conducted in applications must be more defined[11], [16], [92].

o A number of researchers tried to facilitate the process of selecting the appropriate model for a
given research application by assessing various types of LUCC models. Although stating the pros
and cons of each land change model made it a bit easier to select the suitable model for a certain
research, it is still pretty much foggy. To help researcher's choice the most suitable model a
certain process needs to be defined or a set of steps to ease and improve the quality of the
application since it relays on the chosen model[12], [93], [94]. This also can be done with help of
expert systems or by using a multi-criteria decision making method to help make the decision.

o Assessing a geographic phenomenon using land use/cover change techniques, Due to the limited
amount of studies that focused on comparing various land use/cover change models to asses
change [95] upcoming studies and research should be focused on such subject.

o Focusing on local scale land change models and coming up with different ideas to manage to
transmit them to global scale can help advancing land change modeling more and better results
may appear from such models on a wider scale [47]

o The amount of remote sensing datasets and images used to run some land change models requires
new computing technique and new approach deal and manage large datasets especially high
resolution ones that can be large in both size and number of files and will consume more
processing time to create a more accurate result[50]. Big data techniques can be integrated to
manage and run such large datasets, some articles written about using big data to higher the
performance of a land change model but more studies needs to be performed in the same
topic[47][96].

o Datasets and sources that are used as input for land change models also effects the quality of
results and also requires attention to enhance the quality of such datasets in terms of scale and
temporal aspects, also the way those datasets are processed and managed before entered to the
land change model needs more attention spatially while classifying images and selecting the best
algorithms that suites the purpose of the research[97].

5. Conclusion

This paper has reviewed the current practices, applications, and future prospects for land change
modeling, although plenty approaches are available each one meets a certain set of objectives. The future
of land change modeling is in the integration of its models with other techniques to better understood and
simulate changes.
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MEASURING THE PERFORMANCE OF AIRPORT GATES USING DATA
ENVELOPMENT ANALYSIS

Naglaa Ragaa Saeid ¥, Baraka Ahmed Galal ®, Mohamed Ali @, Ibrahim Raslan®

Abstract

Airports all over the world are becoming busier and many of them are facing
capacity problems. The actual airport capacity strongly depends on the efficiency of the
resource utilization. This paper focuses on analysis the performance of gates by data
envelopment analysis method to determine the less efficiency gates, and introduce simple
heuristic to improve the efficiency of gates.

Keywords: Airport Gate Assignment, Data envelopment analysis, Heuristic.

1- Introduction

The airport gate assignment problem (AGAP) is a critical and essential
issue for daily airport operations planning. Airports today become much busier and
more complicated than previous days. Aircraft on the ground requires all kinds of
diverse services, like the aircraft need to be refueled, new passengers need to
board; new supplies have to be put on board. The aircraft has to get cleaned. All
the actions take place while the aircraft is standing at a gate (Lim &Wang 2005).

Growing flights congestion makes it necessary and compulsory to find
ways to increase the airport operation efficiency. Research on airport gate
assignment problem (AGAP) appears extremely significant on facilitate airlines to
assess how many gates they should rent from airports to serve their own aircrafts.

Recently AGAP becomes one of core components in the field of airport
resource management and naturally appeals the close concentration of current
researchers. AGAP can be described as follows: Suppose an airline company owns
the business of hosting a certain number of flights every day and to run the
business smoothly it must lease a certain number of gates from an airport (Chun
etc. 1999).

The main mechanism of flight-to-gate assignment is to assign aircrafts to
suitable gates so that not only passengers can conveniently embark or disembark
but also the airline companies can minimize the cost in the whole operational
process. Efficient airport operation largely depends on how to gate aircrafts in a
smooth flow of arriving and departing flights (Chendong Li 2005).
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In this paper, we use Data Envelopment Analysis (DEA) to measure the
performance of gates in Cairo airport and then, a simple heuristic algorithm is
suggested to raise the performance of airport gates. We present a real case problem
about "Cairo airport gates".

2- Problem Definition

Before presenting our case study, we have to explain some definitions as
follows:

Aircraft stand: A designated area on an apron intended to be used for parking
an aircraft.

Runway: A defined rectangular area on a land aerodrome prepared for the
landing and take-off of aircraft.

Taxiway: A defined path on a land aerodrome established for the taxiing of
aircraft and intended to provide a link between one part of the aerodrome and
another.

Movement area: That part of an aerodrome to be used for the take-off, landing
and taxiing of aircraft, consisting of the maneuvering area and the apron(s).

Ground control: is responsible for the airport "movement” areas, as well as
areas not released to the airlines or other users. This generally includes all
taxiways, inactive runways, holding areas, and some transitional aprons or
intersections where aircraft arrive.

After the aircraft is landed on the runway, the pilot tunes ground control for
clearance to taxi to the gate. The ground control tells him the taxiway and the
suitable gate according to the aircraft type. The International Civil Aviation
Organization (ICAO) classified aircrafts A, B, C, D, E and F according to
wingspan.

Table 2.1 classification of aircraft wingspan
Code Letter Wing Span

Uptol5m

15mupto24 m

24mupto36m

36mupto52m

52mupto65m

MmO O |

65mupto80m

The common aircraft types in the Cairo international airport terminal 3 are
classified to narrow and wide wingspan aircraft. The narrow wingspan aircraft are
A320, A321, B738 the wide wingspan aircraft are A333, A332, B772, B773 (A 'is
the first letter of Airbus and B is first letter of Boeing).

Cairo University-Institute of Statistical Studies and Research
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Table2.2 aircraft wingspan

Aircraft Type Wingspan (M) Aircraft Type Wingspan (M)
A320 34.09 m A332 60.30 m
A321 34.09m A333 60.30 m
B738 35.79m B772 60.93 m
B773 60.93 m

The Cairo international airport terminal No. 3 has 15 gates called:
(F1, F2, F3, F5, F7, F8, F9, G1, G2, G3, G4, G5, G7, G8, G9). Every gate has
specifications. Some gates can take narrow wingspan aircraft and another gate gets
wide wingspan aircraft. For example: F1 can assign one aircraft from type C and F2
can assign one aircraft from type E...and so on.

Gates (F5, F7, G5, G8) can assign wide body aircraft or two narrow body
aircraft to become (F5A, F5B, F7A, F7B, G5A, G5B, G8A, G8B).

] [ ]

Figure2.1 Large gates can be used as two small gates by small aircraft

Applying DEA to measure performance of each gate aiming to improve its
capability, starting from analyzing the process of the gate assignment and, Based
on the real data, the gates assignment of Cairo International Airport (CIA) is
analyzed to know: which gates have a maximum efficiencies and what are the
efficiencies of other gates relative to the maximum efficiencies gates and a
heuristic algorithm of AGAP is built to maximize the number of flights assigned to
the gates.

2-1- The Objectives

The main objective is to measure the performance of airport gate through applying
DEA. We also suggest a heuristic approach to raise the performance and the
capability of these gates to improve the efficiency.

2-2- Methodology

The DEA is comparative approach for identify the performance. DEA is
commonly used to evaluate the efficiency of a number of producers. A typical
statistical approach is characterized as a central tendency approach and it evaluates
producers relative to an average producer In contrast, DEA compares each

Cairo University-Institute of Statistical Studies and Research
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producer with only the "best" producers. By the way, in the DEA literature, a
producer is usually referred to as a decision making unit or DMU (c.Ray, 2004).

DEA models will have two orientations: input-oriented and output-oriented,
Input-oriented models are used to test if a DMU under evaluation can reduce its
inputs while keeping the outputs at their current levels. Output-oriented models are
used to test if a DMU under evaluation can increase its outputs while keeping the
inputs at their current levels (Milan M, 2009).

In this paper, CRS (constant-returns to scale) output-oriented model is used
because the output of the process increases or decreases simultaneously and in step
with increase or decrease in the inputs.

Let x;; - denote the observed magnitude of i - type input for gate j (x;; >0, i
=1,2,...,m j=1,2, .. n)and yrj - the observed magnitude of r-type output for
gate j (y,; >0, r=1,2,..,s,]=1,2, .., n). Then, the Charnes-Cooper-Rhodes
(CCR) model is formulated in the following form for the selected gate k:

m
Minq = Z V; Xk
i=1
subject to
S
Z Ur Yre = 1
r=1

m S

Zlel]—zuryrjzo, (j:1;21"'!n)

i=1 r=1

u.=2€ @r=12..5)
v, =2€ (=12..,m
Where:

e v, is the weights to be determined for input i;
e m is the number of inputs;
e u, isthe weights to be determined for output r;
e s is the number of outputs;
e (s the relative efficiency of DMUK;
e n is the number of entities;
e ¢isasmall positive value.

The variables selected for this research are most commonly used for input and
output variables affecting airport gate efficiency as found in the published
research. In our case we have one input and two outputs. We consider the design of
each gate as input variable, the number of aircrafts and the time as output
variables.
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3- Literature Review

The multi-objective nature of the problem has been gradually acknowledged
by researchers working on this problem. Initially research focused mainly on
various passenger comfort objectives. For example, (Haghani, 1998) and (Xu,
2001)minimized the distance a passenger walks inside a terminal to reach a
departure gate. (Yan, 2001) Introduced an integer programming model to minimize
the total passenger walking distance and the total passenger waiting time. (Ding,
2004)Shifted the research interest slightly from passenger comfort to airport
operations and solved a multi-objective IP formulation of the GAP with an
additional objective: minimization of the number of ungated flights. (Dorndorf,
2007) Went further and claimed that not enough attention has been given to the
airport side when solving the GAP. They focused on three objectives:
maximization of the total flight to gate preferences, minimization of the number of
towing moves and minimization of the absolute deviation from the original
schedule. Perhaps surprisingly at the time, in the context of many previous
publications, they omitted the walking distance objective, arguing that the airport
managers do not consider it an important aspect of the GAP. Our experience with
airports indicates that this is probably correct, which is why the objective function
presented in Section 4 does not consider passenger walking distance but aims
instead to reduce the conflicts by the gates, to allocate gates so that the airline and
the size preferences are maximized and to ensure that the time gaps between two
adjacent allocations are large enough. The constraints that we have modelled in
Section 4 include other aspects of the problem which have already been discussed
by other researchers.

It is discussed relative sizes of gates and aircraft, airline preferences and
shadowing restrictions. Similarly the importance of the maximization of time gaps
between allocations and the robustness of solutions was discussed by (Bolat,
2000). This is also included in our objective function. We aim to avoid small gaps
by maximizing the time gaps within a defined time window. (Kumar,
2011)Included towing in their models. They modelled the towing using three
flights: (arrival) + (tow away); (tow away) + (tow back); and (tow back) +
(departure).

4-  Experiment Analysis

Data about performance in Cairo airport was collected to analyze the efficiency
and determine the improvement opportunity, our study involved 13 working days
at Cairo international airport, terminal 3 that contains 14 gates.

We calculated the number of aircrafts (A/Cs) arriving in this particular period
of time, we found them to be 1304 A/Cs, 974 A/Cs of them could be served at
terminal 3 because there are types that can't be served in terminal 3 like E170.

Table 4.1 shows the number of planes served at gates in the study time.

Cairo University-Institute of Statistical Studies and Research
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Table 4.1 A/C serviced by all Gates

Total number of A/C A/C serviced by Gates Percentage

974 668 68.58%

The percentage of A/Cs that was served was 68.58% from the total number of
AJCs that can be served in the terminal, they were distributed over gates as follows
in table 4.2

Table 4.2 A/C serviced by each Gate

Gate L= Total
Dom Int

Count 6 58 64
F1 % 9.4% 90.6% 100.0%

> Count 0 29 29
% 0.0% 100.0% 100.0%

= Count 3 50 53
% 5.7% 94.3% 100.0%

Count 4 41 45
Fs % 8.9% 91.1% 100.0%

7 Count 0 41 41
% 0.0% 100.0% 100.0%

= Count 8 48 56
% 14.3% 85.7% 100.0%

ol Count 9 60 69
% 13.0% 87.0% 100.0%

G2 Count 0 28 28
% 0.0% 100.0% 100.0%

G3 Count 11 50 61
% 18.0% 82.0% 100.0%

ea Count 0 33 33
% 0.0% 100.0% 100.0%

G5 Count 1 34 35
% 2.9% 97.1% 100.0%

a7 Count 6 46 52
% 11.5% 88.5% 100.0%

ca Count 9 44 53
% 17.0% 83.0% 100.0%

Go Count 5 44 49
% 10.2% 89.8% 100.0%

Count 62 606 668

Total

% 9.3% 90.7% 100.0%

The hours in which each gate was in use during the period covered by the study in

figure 4.1
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c 50.00%
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Figure 4.1 Time of use each gate

Utilization of gates was 22.12%-47.25% of Study time which are poor percentages
indicating defects in management and operating the gates which requires
improving their efficiency.
5- Calculate Efficiency of Gates Using DEA

Output-oriented DEA using CRS model was used for determining the overall
technical efficiency for each gate in terminal 3. The model has the following
components:

Input
- Width of gate which determine the allowable wingspan of aircraft.

Outputs
- Number of served A/Cs.
- Time in use for each gate.
Table 5.1 shows the values of input and outputs variables for each gate in terminal
3 within the time of study.
Table 5.1 the values of variables for each gate

Gat Input Output Output
ares Width Number of A/IC | Time in Use (hrs.)
F1 36 64 76.33
F2 65 29 98.50
F3 52 53 82.00
F5 80 45 132.67
F7 65 41 106.50
F8 52 56 101.66
Gl 36 69 147.42
G2 65 28 87.58
G3 52 61 124.33
G4 65 33 98.93
G5 80 35 121.17
G7 52 52 118.83
G8 65 53 137.00
G9 36 49 105.33

Cairo University-Institute of Statistical Studies and Research
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Using WinDeap program and analyzing this data, the results of technical efficiency
for each gate in terminal 3 were as follows in figure 5.1

o
1.00
S 093
a 0.90
t 0.80
L 0.71
- - 0.70
Q 0.60
I= 0.53
S 0.50
40 0.41
— 037 037 e 037 0.40
fm A
0.20
0.10
0.00
Mean 69 5 B R A
Gates

Figure 5.1 Technical efficiency of each gate

Figure 5.1 shows that technical efficiency of gates begins with 0.33, and
shows that the mean of efficiency of terminal was 0.55.

It can be deduced that gate G1 is the most efficient, it can be considered as a
"peer" to every other gate in the terminal, the Peers weights of each gate was
demonstrated in table 5.2.

Table 5.2 Peers weights of each gate

Gate Peers peer weights
F1 Gl 1.00
F2 Gl 1.81
F3 G1 1.44
F5 Gl 2.22
F7 Gl 1.81
F8 G1 1.44
G1 Gl 1.00
G2 Gl 1.81
G3 Gl 1.44
G4 Gl 1.81
G5 G1 2.22
G7 G1 1.44
G8 G1 1.81
G9 Gl 1.00

The improvement opportunity for each gate can be determined using DEA,
the study choose the outputs orientation to improve the efficiency because it is
available to change the values of outputs, and there is not available to change the

Cairo University-Institute of Statistical Studies and Research
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value of input of any gate, figure 5.2 shows the target number of A/Cs and the total
time in use for each gate according to output-oriented DEA.

o~ N
- -
-

o
4
0
o
~

6618
26618
266.18

=
3
<
-
~

212.54
21294

g
N
-
N

14742
147.42

Opportunities Of Improvement

G8 G G5 G4 6 G Gl P8 F7 F5 B R 7t Gates

W Number of AJC  # Time in Use [hrs)

Figure 5.2 Summary of outputs target

Using DEA Shows that it is possible to improve the efficiency of the terminal
and each gate, but DEA does not provide a way to achieve the target outputs, so
the study proposes a simple heuristic algorithm for improve the efficiency of gate
assignment.

6- Suggested heuristic algorithm

The word “heuristic” comes from the Greek word “eurisko”, which means “I
find”. It has been used in the last century or so, to indicate a practical decision rule
or a practical way to find a solution to a problem, relying upon experience and
common sense.

These rules do not aim at satisfying any formal or theoretical property;
sometimes “heuristics” have been defined just as practical alternatives in contrast
to formal mathematical techniques.

Heuristic algorithms are used to solve large instances of computationally
difficult problems, because the computation of an exact solution would require an
excessive amount of computing time.

These algorithms can be roughly classified into two types:

e Specific algorithms for specific problems Heuristics

e General ideas for almost any problem Meta-heuristics
(Pearl, 1984)

6-1- Prioritization of gates

As a rule of thumb the gates will be divided into three types, first one for narrow
wing span aircraft only, second for wide wing span aircraft only, and third is multi
for both narrow and wide wing span aircraft.

Cairo University-Institute of Statistical Studies and Research
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1. If the narrow wing span aircraft arrive and all multi gates are not assigned;
the priority for narrow wing span gate.

2. If the narrow wing span aircraft arrive and there is multi gate are assigned
with narrow wing span aircraft; the priority for this gate.

3. If the wide wing span aircraft arrive; the priority for wide wing span gate

only
F1 C1 %
= | F3 C2 =
2 | F8 C3 3
= o
S | G1 c4 Priority direction %
s | G3 C5 — :
S |G7 C6 =
G9 Cc7 c
F5A | C8 4
F5
F5B | C9 | %
o F7TA | C10 1 c
2| F7 =
=4 F7B | C11, \ 2
= G5A | C12 4 — 2
E| GO G5B | C13 A/ Priority direction ;
G8A | C14 ] s
G8
G8B | C15 1
> | F2 El
[
o | F9 E2
S
> | G2 E3
S
2 | G4 E4

Figure 6-1-1 Prioritization of gates
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Figure 6-2 showing the flow chart of simple heuristic algorithm for assigning A/C in gates
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6-3- Results of applying heuristic algorithm

This part will present the results for three randomly day from historical data.
For each day the results of applying simple heuristic algorithm will be compared to
the original gate assignment (before).

In figure 6-3-1 showing the served time in hour for each gate in first day
before and after applying simple heuristic algorithm, the total served time
increased 1.6 from the original assignment.

30.00

25.00
20.00
15.00
10.00

5.00

First Day

M Before

m After

0.00

F1‘F3‘F8‘61‘G3‘G7‘G9‘ F5 ‘ F7 ‘ G5 ‘ G8 ‘FZ‘F9‘GZ‘G4‘F5‘F7‘GS‘GS‘

Figure 6-3-1 comparisons between served time in hour before and after applying algorithm in
first day

In figure 6-3-2 showing the served time in hour for each gate in second day
before and after applying simple heuristic algorithm, the total served time
increased 1.97 from the original assignment

30.00
25.00

Second Day

20.00 -
15.00 -

H Before
10.00 -

m After
5.00 -
0.00

Fl‘F3‘F8‘Gl‘G3‘G7‘GQ‘ F5 ‘ F7 ‘ G5 ‘ G8 ‘FZ‘F9‘GZ‘G4‘F5‘F7‘G5‘GS‘

Figure 6-3-2 comparisons between served time in hour before and after applying algorithm in
second day
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In figure 6-3-3 showing the served time in hour for each gate in third day
before and after applying simple heuristic algorithm, the total served time
increased 1.96 from the original assignment

30.00
25.00
20.00 Third Day —
15.00 | —
10.00
5.00
0.00

M Before

After

F1‘F3‘F8‘61‘G3‘G7‘G9‘ F5 ‘ F7 ‘ G5 ‘ G8 ‘FZ‘F9‘GZ‘G4‘F5‘F7‘GS‘GS‘

Figure 6-3-3 comparisons between served time in hour before and after applying algorithm in
third day

7- Conclusion

This paper attempts to identify the key performance indicators to assess the
efficiency of Cairo airport gates. Given sample of preschedule information about
airport gates, in our case we have one input and two outputs, we consider the
design of each gate as input variable, and the number of aircrafts and the using
time of each gate as output variables (most commonly used in the published
researches).

The case study involved 13 working days at Cairo international airport,
terminal 3 that contains 14 gates.

We calculated the number of aircrafts (A/Cs) arriving in this particular period
of time, we found them 1304 A/Cs, and 974 A/Cs of them could be served at
terminal 3.

Utilization of gates located in the interval 22.12%-47.25% of study time,
which are poor percentages, indicating defects in management and operating the
gates, which requires improving their efficiency.

Using data envelopment analysis shows that the mean of efficiency of
terminal was 0.55.

Finally, we suggested a simple heuristic algorithm to improve the efficiency
of gate and increasing utilization, the total utilization of all gates in terminal 3
increased in three day of applying algorithm are 1.6, 1.97, and 1.96 of the actual
assignment.
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A Distance to the Ideal Alternative Approach

for Group Decision Making

Mohamed F. EI—Santawy*

Abstract

In Group Decision Making, a compromise strategy is presented to compile the
conflicting opinions of decision makers. Many parameters are relevant in solving this
category of problems. The Distance to Ideal Alternative (DIA) technique is an efficient
method to tackle such category because of its mechanism and robust performance. In this
paper, a DIA approach is proposed to solve the Group Decision Making problems and to
deal with the ranking abnormalities existed in the ranking orders produced by the
Technique for Order Preference by Similarity to an ldeal Solution (TOPSIS) and
Multi-Objective Optimization on the basis of Ratio Analysis (MOORA) methods. A
Numerical example is adopted for testing the proposed approach.

Keywords: Distance to the Ideal Alternative; Group Decision Making; Multi-Criteria
Decision Making; MOORA; TOPSIS.

1. Introduction

A group is defined by set of members gathered for an aim or specific goal. Daily there
are a lot groups constructed for certain purposes whether the members of the group are
collected in a specific place or time. In management, many examples can be mentioned; a
company board of directors having set of actions to choose from, hiring a new employee,
facility location to be determined, expansion in markets, and other examples beyond listing
here. Many other areas like politics, economics, engineering, and other disciplines are
applications for this type. The members of the group might be humans or others races but
still there is an ultimate goal to be reached. Birds' swarms seeking their food in groups, fish
flocks searching destinations, and insects going shelters are various examples for groups
with ultimate collective goals. Group members are sharing information and discussions to
reach this ultimate goal. Despite of the might be existence of conflicting interests among
the members but still there must be a compromise to be done. Discussions are conformed
by various types like voting, brainstorming, analysis to construct unique parameters for the
whole group. This process of narrowing the conflicting points of view among group
members is studied by many researchers. Some researchers involve some managerial
techniques like Delphi technique and SWOT analysis for this aim.

* PhD in Operations Research, Financial Researcher at Ministry of Finance, Egypt
(E-mail: lost_zola@yahoo.com)
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Every member of the group should present his interests, priorities, hazards, and
conflicts clearly in advance before the group goal's construction. After, a procedure is done
for reaching a decision or set of decisions to reach the ultimate group goal under the group
individuals' parameters mentioned. Problems with many decision makers are complicated
because it involves many opposing factors, such as: conflicting individual goals, inefficient
knowledge, individual motivation, personal opinion, and power. In brief, MCDM is the art
of compromising conflicting criteria for a single decision maker, while GDM is the art of
compromising different opinions of group members [10]. In both Multi-Criteria Decision
Making (MCDM) and Group Decision Making (GDM), there are two major steps:
aggregation and exploitation [4]. Both steps are defined in a different manner relative to the
method employed and application area [9]. In a sense, GDM can be a multi-dimensional
MCDM problem, but more issues should be studied to treat the conflicting factors
aforementioned.

The group members have different intentions, aspects, backgrounds, and preferences.
Although they can be clustered into specific sets but still there must be a compromise
should be done to reach satisfactory decision for all decision makers. In MCDM, many
popular techniques were proposed since mid 1960s [5]. Many researchers contribute in
MCDM field and after they extend their work to GDM. Over two decades TOPSIS method
had explored many applications and problems [6]. TOPSIS suffers from a crucial drawback
so-called abnormalities of ranking orders. Distance to Ideal Alternative (DIA) is a modified
version stemmed out from TOPSIS method [8]. DIA outperforms TOPSIS concerning
robustness and efficiency. Basically, the present paper is to extend DIA to problems with
many decision makers and set relevant modifications and enhancements to the original
method. Additional to this goal, the introduced approach get benefit from employing DIA to
tackle the well known abnormalities problem. The validation tests show how superior is the
proposed approach over TOPSIS and MOORA.

This paper is organized as follows: Section 2, "Group Decision Making Problem"
which contains techniques that used in comparison to the introduced approach Section 3,
"Solution Methods & Techniques™ presenting quick review about "MOORA", "TOPSIS"
and "DIA™. Section 4 "The proposed method" is illustrated. In section 5, "a numerical
example" is given for validation, and finally section 6 is made for "Conclusion”.

2. Group Decision Making Problem

A problem with many decision makers involved can be seen from two major points of
view. Firstly, set of independent MCDM models are developed based on individuals’
preferences. For each decision maker there will be a separate MCDM problem from his
point of view. Each decision maker is responsible to define the relevant parameters
according to him and solves the separate problem to get a solution. Then, the independent
solutions are compiled using specific operators to get the group solution. This can be
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briefly described by compromising resulted solutions (ranks). Secondly, the aggregation is
done to the individuals' preference, providing finally a set of group parameters.

For this resulted MCDM problem, it can be solved as a unique problem and the
solution (rank) produced is for the whole group. Solving a group decision making problem
begins with the construction of decision making matrices. Let D = {1,2, ...,K}a set of
decision makers or experts. The Group Decision Making problem can be expressed in
k-matrix format in the following way

€ G (
A, ‘1 \] \,
Ay |x5 X5 o b M
A | 35 % X

where:
- A1 ,A2,..., Ay are alternatives that decision makers have to choose from
- C1,C;,...,C, arethe criteria for which the alternative performance is measured

- xg is the k-decision maker rating of alternative A; with respect to the criterion C;

- for m alternatives and n criteria we have matrix X “ = (x; ) wherex; is the

performance rating of the i™ alternative A;, with respect to the j" criterion C; for the K
decision maker
- 1=12,...m, j=12,...n, andk=1.2,....K.

The importance of each criterion is given by W * = [wlk W WK ]a weight vector for the

n

th 4o K

k™ decision maker, Z{Wi =1.
J:

3. Solution Methods & Techniques

This section contains three well known MCDM techniques which will be illustrated for
being used in solving GDM in next section. The three chosen methods are MOORA for
being a famous aggregating method, TOPSIS, and the proposed DIA approach. Both
TOPSIS and DIA are so similar in their early steps but both of them have a distinct
philosophy in reaching a solution.
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3.1 MOORA

As shown in Eq. (1) for a single decision maker, the procedure of MOORA for ranking
alternatives can be described as following [2]:

Step 1: Normalized decision matrix is computed as in Eq. (2)

Xj = —— i=l.mj=1..n

Z « ijg @

i=1
Step 2: The composite score is calculated as illustrated in Eq. (3)

b

2 = 3% -3 X i=lom ©
-1

j=b+1

b n
wherezxi’,T and Z x; are for the Max (benefit) and Min (cost) criteria, respectively.

j=1 j=b+l

For different weights of criteria, the composite score becomes

b n
Z, = D W ;X5 — > WXy, i=1,..m @
j=1

j=b+1

where Wi is the weight of j™ criterion.

Step 3: The alternatives are ranked in descending order.

The simplicity of MOORA is the main reason of its widely application to various
disciplines. The philosophy of aggregating score for alternatives makes the method robust
and easy to use. Recently, MOORA has been explored many problems of various fields,
such as contractor selection [2], and climate [7].

3.2 TOPSIS

TOPIS method is relying on the idea of comparing set of alternatives to an ideal
composite vector constructed from the best performance alternatives under all criteria.
Being closer to this ideal vector is better alternatives. In the latest decades, TOPSIS have
been extended according to the requirements of different real-world decision making
problems; it has been extended to various optimization areas like robot selection [3], and
operating systems [1]. For one decision maker a decision matrix is to be constructed as
shown in Eq. (1), the TOPSIS solution method consists of the following steps [6]:

Step 1: The decision matrix is normalized: it can be calculated as in Eq. (2)
Step 2: The normalized weighted decision is constructed: The columns of the normalized
decision matrix are multiplied by the associated weights as follows:
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*

Vi=W;.X; , i=L..m j=1..n and Dw, =1 ©)
=

Step 3: The positive and negative ideal solutions are computed: The positive and negative
ideal value sets are determined, respectively, as follows:

AT =W vy, vy ) ={max v ifj e @}

. . (6)

or {min v; ifj e Q:}

A" = Vv,,.vp)={min vy ifj e &}
or {max vy ifj e Q:} )

Where Qy, is the set of benefit criteria and €. is the set of cost criteria.

Step 4: The distance from positive and negative ideal solutions are calculated: Two
Euclidean distances for each alternative are calculated as follows:

Si" = Z(Vij _Vj+)27 i=1,..m (8)
\lj:l

i = Z(Vij _V;)Z’ i=1..m 9)
\Jj:l

Where S;"and S; represents the distance of alternative A; from the positive and negative

[92]
[
|

ideal solutions, respectively.

Step 5:  The relative closeness to the ideal solution is calculated : The Relative Closeness
(RC) of the i alternative to the ideal solution is defined as follows:
S’

RCi = #, i =1,2,...,m. OSRCI <1 (10)
S +S;

Step 6: The alternatives are ranked: Alternatives must be ranked based on RC; in which the
highest score is the best alternative.

3.3DIA

The distance to the Ideal Alternative (DIA) algorithm belonging to the MCDM was
developed [8] to select dynamically the best network inter-face. It can be seen as an edited
version from classical TOPSIS. The philosophy behind DIA is ranking the alternatives
based on distances in-between them after taking a snap shot reflecting their locations from

Cairo University-Institute of Statistical Studies and Research

19



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

positive and negative ideal vectors. The main advantage of DIA is the method's
employment of the distances between alternatives and capturing a rank based on the
alternatives' relative locations after shifting from the distances to ideal vectors like TOPSIS.
This crucial modification done gives a comparative advantage for DIA over TOPSIS as
being robust and overcoming the abnormalities of TOPSIS. After decision matrices
construction for all decision makers as in Eq. (1), the DIA is identical to the TOPSIS
method in the first three steps. In a sense the DIA enhances TOPSIS as shown in steps (4-6).
DIA method consists of the following steps for a single decision maker problem [8]:

Steps (1-3): The same as in TOPSIS method mentioned before in previous subsection
Step 4: Calculate the distance to the positive and negative criteria: as shown in the
following two equations

D;" = /i(v;_vij)z, i =1,2,...m (11)
j=1

D, = ’i(vij —vJT)Z, i=12,....m (12)
j=1

Step 5: Determine the Positive Ideal Alternative: (PIA) has minimum D* and maximum D"
PIA ={min(D;"),max(D; )}, i =1,2,....m (13)

Step 6: Calculate the distance of an alternative to the PIA:

R = \/(Di+_ min (D;"))? + (D; - max (D;"))’ (14)
A set of alternatives is ranked according to the increasing order of R;

4. Proposed Approach

In the previous section DIA was illustrated for solving MCDM problem with single
decision maker. However, the extension of DIA to tackle group decision making problems
will differ from single decision maker version. Many aspects should be adopted when
introducing a group decision making approach like how the approach will compile different
opinions of decision makers, how the proposed approach will compromise different ranks
originated. The main reason behind the allocation of DIA to be extended to group decision
making is its outperformance to TOPSIS as well as its overcoming the drawback of
abnormalities found in classical TOPSIS. Construct the decision matrices for the k-decision

makers and determine their weights which reflect their priorities. X * = (xif ),

n
W :[Wl",wg‘,...,wnk]a weight vector for the k™ decision maker, >w! =1, for k =
j=1

1,2,....K.
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Step 1: Construct the normalized decision matrix for each decision maker:
k

X
k* ij .
X: = —, — . 7= . =
ij n i=1..mj=1..,nk=12,..K (15)
Z(X i)
i=1
Step 2: Construct the weighted normalized decision matrices for all decision makers:
viswoxgT, i=Lom j=L.nk=12,..K (16)

Step 3: Determine the positive and negative ideal solutions for all decision makers as
following:

AR+ = (Vlk+,V|2(+,---,Vrl1<+):{maX Vilj( ifj e Q.} )

or {min v‘f ifj e Q%

A =@ vE v i) ={min v'f ifj e Q% (18)
or {max v‘J‘ ifj e Q%
Where , is the set of benefit criteria and €. is the set of cost criteria.

i=1..m;j=1..,nandk=12,....K

Step 4: Calculate the distance to the positive and negative criteria for all alternatives under
all decision makers: as shown in the Egs. (19-22)

D" = \/Zw—vi?)z, i =12,...mandk=12,...K (19)
j=1
D" = \/Z(vi? —vi)? i =12,...mandk=12,..K (20)
j=1
K
Dik+
DY =—kL i =12..m (21)
k
K
> D"
Dy =2 —,i=12...m (22)

Step 5: Determine the Positive Ideal Alternative for the group:
PIA ={min(D,"),max(D; )}, i =12,....m (23)

Step 6: Calculate the distance of an alternative to the PIA for the group:
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R, = (D" - min (D;"))? + (D; - max (D;))’ (24)

A set of alternatives is ranked according to the increasing order of R;

5. Numerical Example

A numerical example is introduced in this section to stand over the proposed
approach. The group involved three experts (decision makers) with four criteria to rank five
alternatives. C; and C, are benefit criteria (the maximum is better) while the other two
criteria are cost type (the minimum is better). The first three criteria ratings are subjective;
the ratings are allocated by experts (decision makers) while the last criterion (Cy) is
measured by fixed rating. As shown in Table 1. Three decision matrices are obtained and
put into this augmented table. The allocated criteria weights for each decision maker are
found in Table 2.

Table 1. Criteria rating values for the three decision makers

Utility type Max Max Min Min
G C, Cs C,

D1

Alternative 1 1.1 0.2 8 20

Alternative 2 2 0.3 16 50

Alternative 3 2.5 0.3 10 44

Alternative 4 2 0.53 10 29

Alternative 5 1.9 0.6 15 25

D2

Alternative 1 0.9 0.3 12 20

Alternative 2 3 0.5 12 50

Alternative 3 1 1.7 10 44

Alternative 4 15 0.5 15 29

Alternative 5 1.9 0.6 15 25

D3

Alternative 1 1.3 0.1 4 20

Alternative 2 1 0.1 20 50

Alternative 3 4 0.43 10 44

Alternative 4 25 0.56 5 29

Alternative 5 1.9 0.6 15 25

Table 2. Criteria weights for the three decision makers
C C, Cs Cs

D1 0.1 0.15 0.25 0.5
D2 0.08 0.18 0.24 0.5
D3 0.12 0.12 0.26 0.5
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Using the solution methods illustrated before in previous sections, the resulted scores
and ranking orders are shown in Table 3. The rank originated from the three methods are
identical based on their different scores and techniques (in DIA the less R score the more
preferable).

Table 3. Ranking orders for the full problem

MOORA TOPSIS DIA
z Rank RC Rank R Rank
Alternative 1 -0.1417 1 0.73739 1 0 1
Alternative 2 -0.3672 5 0.11151 5 0.318835 5
Alternative 3 -0.2630 4 0.32157 4 0.17148 4
Alternative 4 -0.1428 2 0.71422 2 0.001478 2
Alternative 5 -0.1543 3 0.70211 3 0.01785 3

In this simulation, the ranking abnormality problem is illustrated and the “robustness”
of the algorithms to removal of an alternative of the worst alternatives. Alternative 2 (the
worst) is removed from the alternatives candidate list. Table 4 presents the overall score of
MOORA, the relative closeness to the ideal solution of TOPSIS and the distance to PIA of
DIA.

Table 4. Ranking orders after removal of the worst alternative

MOORA TOPSIS DIA

4 Rank RC Rank R Rank
Alternative 1 -0.1901 1 0.73111 1 0 1
Alternative 3 -0.3542 4 0.25466 4 0.23204
Alternative 4 -0.2061 2 0.65269 3 0.02267
Alternative 5 -0.2209 3 0.65294 2 0.04347

In this situation, the results show that a removal of an alternative causes a change in the
ranking order of TOPSIS. The ranking order of MOORA, and DIA remains the same. We
continue removing an alternative (i.e. alternative 3) from the alternatives candidate list. The
results, in Table 5, show that the ranking order in MOORA and DIA is always stable, but
the top ranked alternative in TOPSIS has changed again In Table 3, all methods determine
that Alternative 1 is the best. When we remove the worst Alternative (i.e. Alternative 1) out
of the candidates list, this does not influence the ranking order of other Alternatives of
MOORA and DIA. However, the second best Alternative in TOPSIS changes (i.e. from
Alternative 4 to Alternative 5 in Table 4). When another worst Alternative (i.e. Alternative 3)
is removed, the second best Alternative in TOPSIS also changes (see Table 5).
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Table 5. Ranking orders after removal of the worst two alternatives

MOORA TOPSIS DIA

Z Rank RC Rank R Rank
Alternative 1 -0.2595 1 0.63465 1 0 1
Alternative 4 -0.2987 2 0.46110 2 0.055482 2
Alternative 5 -0.3065 3 0.46007 3 0.066401 3

The tables' results highlight the ranking abnormality problem of TOPSIS and show that

DIA provides a more efficient behavior in this situation.

5. Conclusion

In this paper, a proposed approach based on DIA algorithm is allocated to select the

best alternative in a group decision making. The proposed approach extended the advantage
of DIA algorithm to explore the group decision making. The solution improves the
limitations of the MCDM approach, by producing more robust and efficient ranking orders.
The experiments results show that the drawback aforementioned is overcome by using the
introduced approach.
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Joint Chance Constrained Programming with
Dependent Parameters

Nada Hafez'
Afaf El-Dash’ Nagwa Albehery?

Abstract

In this paper, we consider joint chance constrained programming (JCCP) technique,
where two probabilistic constraints are required to jointly satisfy at least a tolerance
measure a. We introduce a suggested approach to obtain an equivalent deterministic model
for probabilistic model with joint chance constraints (JCC's) when the RHS parameters are
dependent random variables, and distributed as (i) single-parameter exponential distributions
(S-PED), (ii) two-parameter exponential distributions (T-PED), which is more applicable in
most real life applications than the S-PED; since it avoids having its mode at the origin. The
joint density function of random RHS parameters is assumed to be the Downton bivariate
exponential distribution.

It is shown that the suggested equivalent deterministic model under the assumption of
S-PED is a special case of the corresponding equivalent model under the assumption of T-
PED when the second parameter is zero. Also the equivalent deterministic model under the
assumption of independence between random parameters is a special case of the suggested
equivalent deterministic model under the assumption of dependence when the correlation
coefficient is zero.

Keywords: Stochastic Programming, probabilistic programming (PP), Joint chance
constrained programming (JCCP), Downton bivariate exponential distribution, Non-linear
programming, convex model.

1. Introduction

Stochastic Programming approach is one of the Mathematical Programming (MP)
approaches where some or all of the model parameters are random variables, taking into
account the probability distributions of the random parameters in the underlying problem
(Prékopa, 1995). Randomness may exist in the RHS parameter or in some (or all) LHS input
coefficients, or in some (or all) objective function coefficients.

Chance constrained programming (CCP) technique is one of the stochastic
programming techniques developed by Charnes and Cooper (1959, 1962, 1963) which
offers powerful means of modeling stochastic decision problems with assumption that the
stochastic constraints will hold with probability at least a, where a refers to the confidence
level provided as an appropriate safety margin by the decision-maker and is called tolerance
measure. CCP aims to transform the stochastic model into a deterministic one, then solving
the deterministic model using a suitable mathematical programming technique. For
theoretical background see (Prékopa, 2003).
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Several contributions have been suggested by many researchers assuming different
probability distributions for random parameters, for example; the Normal distribution
(Charnes and Cooper, 1962; Symonds, 1967; Prekopa, 1974; Jagannathan, 1974; Ackoolj et
al., 2011; Houda and Lisser, 2015), the Chi-square distribution (Sengupta, 1972; El-Dash,
1984), the Gamma distribution (Lingaraj and Wolfe, 19 74; Atalay and Apaydin, 2011), and
the Dirichlet distribution (Gouda and Szantai 2010).

The exponential distribution is our concern in this paper, and it is applicable for a
wide class of economic, demographic and reliability models where most of the input
coefficients and resources have to be nonnegative, which require distributions with
nonnegative range such as demand, supply, prices,...etc (Hafez et al., 2017). Some attempts
Gamma diswere introduced in literature to deal with exponentially distributed random
parameters (Sengupta, 1972; El-Dash, 1984; Biswal et al., 1998; Hafez et al., 2017).
However; they assumed Individual chance constraints (ICC's) with independent parameters
where the input coefficients are random; and only Hafez et al. (2017) introduced also the
case where the input coefficients are dependent exponential random variables based on the
Downton bivariate exponential distribution.

In this paper; we propose an equivalent deterministic model of joint chance
constrained (JCC) model where JCC's are two constraints with random RHS parameters
assuming that RHS parameters are dependent exponential random variables based on the
Downton bivariate exponential distribution.

This paper is organized as follows; Section 2 "Problem definition™ presenting the
original mathematical model. Section 3 "The Suggested approach” which includes the
proposed approach for obtaining the equivalent deterministic model of JCCP models with
two joint constraints and the RHS parameters are exponentially distributed based on the
two-parameter Downton bivariate exponential distribution. Section 4 illustrates some
"Special cases" of the proposed equivalent deterministic model. Section 5 shows a
"Numerical example", and finally Section 6 "Conclusion™

2. Problem definition:

Consider the following programming model:

Max.(Min.)z = f(xq, X, ) Xim) (2.1)

St; Yya;x <b ;i=12 (2.2)
Yiz1aix; <b; ;i=3,..,n (2.3)

xj =0 (2.4)

Where a;; (i=1,..,n;j=1,..,m) and b; (i =n’+1,...,n) are constants, and
b; (i = 1,2) are continuous random variables with a known joint distribution function, and
x; are decision variables.we refer to the stochastic parameters as b;.

There are two major types of chance constraints: individual chance constraints
(ICCs) and joint chance constraints (JCCs). In the former case, we put probabilistic
requirements on an individual constraint. In the latter case, probabilistic constraints are
required to jointly satisfy at least the tolerance measurement a. That is the solution will
strongly depend on how the individual random variables depend on each other, and on the
tolerance measure a as well (Miller and Wagner, 1965; Liu, 2002; Prékopa, 2003; King,
2012). Constraints (2.5) represent JCC's

PT' (Z ainj < Ei ;i = 1,2, ...,n) > (25)
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While the ICCs are separately considered as in constraints (2.6).
B. (X a;jx; < b) = a; ;i=12,..,n (2.6)

In this paper; we are concerned with JCCP since JCCP is more preferable on ICCP
and appropriate in contexts in which;

i) There may be dependence between random parameters in different constraints, for
example; demand and supply are both functions of price which means that there is a
dependence relation between quantity demanded and quantity supplied of certain product
(Luedtke, 2007).

i) It is important to have all constraints satisfied with single probability in the model. That
is; ICCP constrain the individual probability of constraint violations independently;
however, considering these constraints separately neglects to explicitly consider
simultaneous violation conditions in the overall system. For example, in reliability
systems, specifically in a power flow problem; where the system consists of several
nodes and we need to maximize the voltage of nodes. If the ICCP approach is
considered, it may be independently guaranteed that the voltage at each node in the
system is under its maximum with a high probability, but this could result in a situation
where multiple nodes simultaneously have overvoltage conditions. Thus, JCCP is more
appropriate in this context to restrict the probability of all voltages, line flows, states of
charge, etc. being within prescribed limits throughout the system (Kyri and Bridget,
2017).

Miller and Wagner (1965) are the first to consider the mathematical properties of
JCC's of the form of (2.5), where RHS parameters are random and independent. They show
that under certain restrictions the model can be viewed as a deterministic nonlinear
programming problem, and by assuming that RHS parameters are independent with single-
parameter exponential marginal; the equivalent deterministic constraint of the JCC (2.5)
could be linear after applying a logarithmic transformation. In this paper; we propose an
equivalent deterministic model of JCC model where JCC's are two constraints with random
RHS parameters assuming that RHS parameters are dependent and distributed with i)
single-parameter exponential distributions, and ii) two-parameter exponential distributions,
which is more applicable in most real life applications than the one with single-parameter
since it avoids having its mode at the origin.

As for the bivariate exponential distribution, many different forms were presented in
literature. Gumbel (1960) presented the first type of bivariate exponential distribution,
followed by Freund (1961), then many other forms were presented after that, see (Kotz et
al., 2000). In this paper; Downton bivariate exponential distribution, introduced by Downton
(1970), is used to model the dependence between b;,i = 1,2 with correlation
coefficient p ;0 < p < 1 in a similar fashion as presented by Hafez et al. (2017) for random
a; for both single-parameter and two-parameter exponential distribution.

3. The Suggested approach

In this section, we present the equivalent deterministic model of the probabilistic
linear programming model with JCC's under the assumption that random RHS parameters
are dependent with b;and b, (i.e only two joint dependent constraints), where b;and b, are
distributed as Downton bivariate exponential distribution with two-parameter. The
approximated Pdf of the Downton bivariate exponential distribution introduced by Hafez et
al. (2017) is;
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~ = A Y2, Ayi A1b1+2;D,) | ~ )
f (by,by) = ﬁ exp{ll_—p}exp{—%pzz},O <y;<b;1,>0;0<p<1,
i=12 (3.1
where p is the correlation between b;and b, .
Theorem (3.1): Let the CCP model with JCC's be of the form of

Max.(Min.) z = f(xq1, X2, .o, Xm) (3.2)

St; P (X <b ;i=12)=a (3.3)
i 1al]x] <b; ;i=3,..,n (3.4)

xj =0 (3.5)

where a;; and b; are constants, and by, b, are continuous random variables and distributed
as the Downton bivariate two-parameter exponential distribution with joint density function
f (151,152) defined in (3.1), then the deterministic equivalent model is:

Max.(Min.) z = f(x1, X2, ., Xm) (3.6)
St
f1 27k A aix; < Yiadvi—-(1-p)ina (3.7)
jeiagx 2y =12 (3.8)
2}?1:1 al-jxj < bi ; = 3, W, n (39)
% >0 (3.10)
Proof: Since the LHS of JCC's (3.3) is:
P.
(bl = Z;n 115X, bz = Z;nzl azjxj) =
My i Aivi _ Ab1+2;b; = T
fZ] 1Q2j%Xj fZ] 1%1j%j (1-p)? exP{ 1-p }exP{ 1-p } db, db,
— exp {Zt 1plyl} exp {_ A1 27;1 aljxitjzzﬁlazjxj} (311)
Then the equivalent deterministic constraint of the JCC's (3.3) is:
Tioi Aivi _ MERi X, Zﬁﬂzﬂj}
exp{ > } exp{ -y =>a (3.12)

By applying a logarithmic transformation for constraint (3.12), constraint (3.12)
becomes equivalent to:

L2t A ayx < T dyi— (A -p)ina (3.13)

And the equivalent deterministic model of the probabilistic model (3.2)- (3.5) using
(3.13) is given by (3.6)-(3.10)

Note that constraints (3.7)-(3.10) are linear constraints; then the deterministic model
(3.6)-(3.10) is a convex model if the objective function (3.6) is convex function. Therefore;
a global optimal solution is guaranteed.

4. Special Cases
1) Bysettingthey; = 0 ;i = 1,2 constraints (3.7) and (3.8) are reduced to
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2 m
i=12j=14 a;jx < —(1—p)Ina (4.1)

which is the case when byand b, are distributed as Downton bivariate single-parameter
exponential distribution with pdf defined as (Hafez et al., 2017)

f(by,b;) = % exp{—/llb%izbz}; b.>0;4,4,>0;
0<p<li=12 (4.3)
2) by setting p = 0, constraint (3.7) is reduced to
2Ty A aijx; < i divi —Ina (4.4)

which is the case under the assumption that b,and b, are independent and distributed as
two-parameter exponential distributions. Similarly, constraint (4.1) is reduced to
constraint

12:12;’;1/1i a;jxj < —lna (4.5)

The above case is under the assumption that b;and b, are independent and distributed as
single-parameter exponential distributions (Hafez et al., 2017).

5. Numerical Example

In this section, we demonestrate the suggested approach for obtaining an equivalent
deterministic model of JCCP models presented in section 3 throught the following example.

Consider the following linear programming model

Max Z = 5x; + 6 x, (5.1)
St

P(5x; + 4x, < by ; 10x; + 2x, < by) = 0.90 (5.2)

2x, +x, <5 (5.3)

X1,%, 20 (5.4)

Where b, ,b, are distributed as the Downton bivariate two-parameter exponential
distribution defined in (3.1), where 4; = 0.5, 1, =0.3,y; =5,y, = 7and p = 0.8. Then
the equivalent deterministic model of the JCCP model (5.1)-(5.4) could be obtained using
theorem (3.1) as follows:

Max. Z =5x, + 6 x, (5.5)
St
27.5x, + 13 x, < 23.021 (5.6)
5x; +4x, =5 (5.7)
10x, + 2x, = 7 (5.8)
2x; +x, <5 (5.9
X1,%, =0 (5.10)

Model (5.5)-(5.10) is a linear model and the optimal solution is obtained using the
Simplex method as z* = 6.013,x; = 0.599,x; = 0.503.
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6 Conclusion

In this paper, we introduced the equivalent deterministic model of JCCP model when
the RHS parameters are random variables and dependent. We focused on the exponential
distribution since previous researches are limited in case of non-negative random
parameters. We assumed that the JCC's consists of two constraints and we introduced a
suggested approach to obtain the equivalent deterministic constraint of such joint constraints
assuming that b,, b, are distributed as bivariate Downton exponential distribution with

i) Two-parameters (through theorem (3.1)) and
il) Single-parameter (as a special case of theorem (3.1)).

By setting the second parametery; = 0,i = 1,2; It was shown that the equivalent
deterministic model of theorem (3.1) for Downton T-PED could be reduced to the
equivalent deterministic model for Downton S-PED. And for both deterministic models we
obtain a linear constraint replacing the JCC's, which is convex, so that a global optimal
solution could be obtained when the objective function is convex.

By setting the correlation coefficient p = 0; It was shown that the equivalent
deterministic model of theorem (3.1) for dependent Downton T-PED or S-PED could be
reduced to the equivalent deterministic model for independent two-parameter or single-
parameter exponential random parameters, respectively.
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Identification of Double Seasonal Autoregressive Models:
A Bayesian Approach

Ayman A Amin”

Abstract

In this paper we present a Bayesian methodology to identify the order of double seasonal
autoregressive (DSAR) models. Assuming the model errors are normally distributed and using
conjugate priors on the model parameters, we derive the joint posterior mass function of the model
order in a closed-form. Accordingly, the posterior mass function can be investigated and the best
order of DSAR model is chosen as a value with the highest posterior probability. We evaluate the
proposed Bayesian methodology using simulation study and real-world hourly internet amount of
traffic datasets.

Key Words: Bayesian analysis; DSAR models; Posterior distribution; Double seasonality; Hourly
internet traffic.

1 Introduction

High frequency time series that are observed at small time units may be characterized by
exhibiting multiple seasonal patterns. For example, hourly internet traffic data can exhibit intraday
and intraweek seasonal patterns. Other examples of high frequency time series contain multiple
seasonal patterns include daily hospital admissions, daily usage of water and natural gas, hourly
volumes of call center arrivals, hourly traffic on a road, hourly access to computer web sites, and
hourly electricity load. The notion of modelling multiple seasonalities is not new and it can be
traced back to 1971 when Thompson and Tiao (1971) showed that monthly disconnections of the
Wisconsin telephone company have annual and quarterly (double) seasonal patterns. Accordingly,
seasonal autoregressive moving average (SARMA) models being widely applied to analyze time
series with single seasonal pattern need to be modified and extended to accommodate multiple
seasonalities, see for example Box et al. (1994) and Taylor (2003). In addition to SARMA models,
other techniques have been extended to fit multiple seasonal time series, which include
exponential smoothing methods, neural networks, and innovation state models (Feinberg and
Genethliou, 2005).

In particular, the double SARMA (DSARMA) models have been the subject of interest of
many researchers and extensively studied and employed in modeling and forecasting double
seasonal time series data. Taylor (2003) showed that electricity load in England and Wales features
daily (within day) and weekly (within week) seasonal patterns. Taylor et al. (2006) compared the
forecast accuracy of six univariate models including DSARMA for electricity demand forecasting
in Brazil and in England and Wales. Cruz et al. (2011) empirically compared the predictive
accuracy of a set of methods for day-ahead spot price forecasting in the Spanish electricity market.
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Menoufia University, Egypt. Email: ayman.aamin@gmail.com.

Cairo University-Institute of Statistical Studies and Research

1



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

Other references may include Taylor (2008a), Taylor (2008b), Caiado (2008), Baek (2010),
Mohamed et al. (2011), and Kim (2013) and references therein, among others.

Bayesian analysis of SARMA model for single seasonality has been well established, and
different approaches have been developed in literature, including Markov Chain Monte Carlo
(MCMC) methods and analytical approximations. Chib and Greenberg (1994) and Marriott et al.
(1996) developed a Bayesian analysis of ARMA models using MCMC methods, and Barnett et al.
(1996,1997) used MCMC methods to estimate seasonal autoregressive and ARMA models. Ismail
(2003) used Gibbs sampling algorithm, as one of MCMC methods, to ease the Bayesian analysis
of seasonal autoregressive models. This work was extended by Ismail and Amin (2014) to
SARMA models. The main criticism that can be raised against the use of MCMC methods for
Bayesian analysis of time series models is that they are highly iterative and computationally
intensive. On the other hand, analytical approximations work on approximating the posterior and
predictive densities to be standard closed-form distributions that are analytically tractable, see for
example Broemeling and Shaarawy (1984), Shaarawy and Ismail (1987), and Shaarawy and Ali
(2003).

With respect to the Bayesian analysis of double seasonal autoregressive (DSAR) models, it
is immature and few work have been introduced in literature. Recently, Amin and Ismail (2015)
used Gibbs sampling algorithm to develop a Bayesian estimation of DSAR models, and Amin
(2017) used the analytical approximations to develop a Bayesian inference of DSARMA models.
Based on our review for the existing Bayesian analysis of DSAR models, there is no work that
considers the problem of DSAR models identification. Since in reality the order of the DSAR
models is unknown and needs to be identified or estimated. In order to fill this gap, in this paper we
propose a Bayesian method to identify the order of the DSAR models. The main idea of the
proposed Bayesian identification method is that we assume the order of the DSAR model is a
random variable with a known maximum, and we derive its posterior mass function to select the
order as a value with a maximum posterior probability.

The remainder of this paper is organized as follows: Section 2 presents the double seasonal
autoregressive (DSAR) models. Section 3 is devoted to summarizing the proposed Bayesian
identification method for DSAR models. The simulation study and real application of the proposed
Bayesian identification method are given in Section 4. Finally, the conclusions are given in
Section 5.

2 Double Seasonal Autoregressive (DSAR) Models

A time series {y,} is said to be generated by a double seasonal autoregressive model of
order p, P 1, and P ,, denoted by DSAR(p)(P 1) 5, (P 2) s, if it satisfies

¢p(B)Pp, (B*)IIp,(B*2)y: = & 1)

where {&,} is a sequence of independent normal variates with zero mean and variance o2. The
backshift operator B is defined as B¥y, = y,_,, s, and s, are the seasonal periods. The non

seasonal autoregressive polynomial is ¢(B) = (1 - ¢$B — ¢p,B?> — -+ — ¢>po) with order p.
In addition, &p (BS!) = (1—®,B%t — ®,B%1 — ... — , BM51) with order P, and
Mp,(B%2) = (1 —;B%2 — ,B?2 — ... — [, B252) with order P, are the seasonal
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autoregressive polynomials. Finally, the non seasonal and seasonal autoregressive coefficients are
T T T .
¢ = (P, 2, ¢p) , @ =(Py, Py, Pp ) and = (10, M,-,p ), respectively.

It should be noted that the DSAR model (1) has an extra terms compared with the usual
single SAR model. The new term is Ilp, (B*2) that accommodates the second seasonal pattern.
Accordingly, the model (1) can be written as

p Py P p P p P
Ve = z biVe—i + Z Diye_js, + Z M ye—zs, — z z biP;Ve—i—js, — Z Z M Ye—iozs,
i=1 =

l 1 _] i=1 =1
Py P Py P
- Z Z @, Hryt JjS1—TS3 +Z Z Z ¢lq) H‘rYt i—js1—Ts; + &
j=1 1= i=1 j=1 t=1
| . | @)
The matrix form of this model can be written as:
y=XB+te (3)
where y = (v, v, v)T, € = (&1,&, ., &,)T, X is an n X p* design matrix, where p* =
(1+p)(1+P)(1+P,)—1,with the t** row:
Xp = (Yt—p s Yt—pr Ve—syp Yt—s1—11 =) Ve—sg—ps wor oo y Yt—Pis1r Ye—Pys;—1r o Ve—Pys;—pr Yt—sy»
yt—SZ—l’ B yt—Sz -p’ yt—51—52’ yt—51—52—1’ B yt—Sl—Sz—p' """ ) Yt—Plsl—Sz' yt—Plsl—Sz—l’
B yt—Plsl—Sz—p’ """"" Y yt—stz’ yt—stz—]J B yt—stz—p’ yt—sl—stz’ Yt—sl—stz—ll "
yt—sl—stz—p’ """ ) yt—Plsl—stz’ yt—Plsl—stz—l’ i yt—Plsl—stz —p)r
ﬂ = (¢1, veey ¢p, cbl, _¢1q)1, ey _¢pq)1, ...... ) CI)Pl' _¢1q)p1, ey _¢pCDP1' Hli _¢1H1, ey
_¢pH1, _CD1H1,¢1CD]_H1, ...,¢pq)1n1, ...... ,_CDP1H1,¢1¢)P1H1, "'l¢pcDP1H11 ......... )
HPZ’ _¢1HP2' eny _¢pHP2' _q)lnpz, ¢1CD1HP2’ eny ¢pCD1Hp2, ...... ) _(:Dplnpz, ¢1CDP1HP2’
T
s Pp®@p Tlp)) 4

Equation (2) shows that the DSAR model can be written as an autoregressive model of order
1+p)(A+P)(A+P,)—1 with some coefficients that are products of non seasonal and
seasonal coefficients. The DSAR model (2) is stationary if the roots of the polynomials ¢ (B),
®p (B*1) and Ilp,(B*2) lie outside the unit circle. For more details about the properties of
seasonal AR models see Box et al. (1994).

It is worth noting that the design matrix X becomes a function of p, P, and P , when the
DSAR model order is unknown. In this case we can assume that the model order p,P,,and P, is
a random variable with known maximum values of k,, k,, and k5 respectively. The prior
information about p, P ;, and P, can be represented in terms of a prior mass function {(p, P;, P,)
that can have different forms such as uniform or geometric.
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3 Proposed Bayesian Identification for DSAR Models

Bayesian analysis of the DSAR models is based on Bayes’ theorem that combines the prior
distribution of the model parameters with the likelihood function of observed sample to get the
posterior distribution.

Regarding the prior specification, we consider the natural conjugate prior. In case of the
DSAR model with normally distributed errors, the natural conjugate prior is normal-gamma. So,

suppose T = 1/02~G(%,%) and B~Npa(uﬁ,r‘12ﬁ), the joint natural conjugate prior distribution
of B and 7 can be written as:

v+p*

680 1l F Vexp (= X[1+ (8~ up) 557 (B — )|} (5)

where g, X, v and A are hyperparameters need to be estimated, and the products of non
seasonal and seasonal coefficients are considered as free coefficients.

In case of no or little information is available about the model parameters f and t
Jeffreys’ prior can be employed and it is given as:

(Bt Tt>0 (6)

Employing a straightforward random variable transformation from ¢ to y, the conditional
likelihood function (on the first p* initial values) is given by

n-p*
L(B,T,p, P, P,|y) x T 2 exp {— % eTe},
n-p*

T z exp {—%(y - XB)T(y —Xﬁ)}, (7)

Based on the likelihood function (7), we update the information about the DSAR model
order p, P 1, and P, by deriving the posterior probability mass function. To derive this posterior
mass function, we need first to obtain the joint posterior of the model parameters 8,1, p, P 1, and
P, and then integrate out the parameters g and 7.

For the natural conjugate prior, the joint posterior of the model parameters is obtained as:

nt+v

fn(ﬁ,T,P, P11P2|y) x {(pIPDPZ)T( 2 _l)exp{_%[/1 + (:8 - :u'ﬁ)TZ,El(:B - ‘Llﬁ) +
CEPIRCED (I (8)

For Jeffreys’ prior, the resulting joint posterior of f and Tt is:
n-p*

5B PLPlY) < Lo, P P 2 Nep {10 - XBT - XB)). (9)

In the following theorem we use the natural conjugate prior to obtain the joint posterior
mass function of the DSAR model order.
Theorem 1 Using the joint natural conjugate prior distribution of g and t (5) and the
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conditional likelihood function (7), the joint posterior mass function of the DSAR model order p,
P, and P, is given by
| —1 ]1/2 n+v

np, P PalY) < S, P P [P [y y+z+uﬁzﬁ 1y — BIATIB,] 2
Vp=1,...,k1,P1=1, kz,Pz—l (10)

Where A, = (X"X +3z1), B, = (X"y + 35" up), and {(p, Py, P,) is a prior mass function of
the model order.

Proof. The proof follows by completing the square in the exponent of (??) with respect to S
and then integrating over 8 and t respectively results in the given joint posterior mass function
of the DSAR model order.

Based on Theorem 1, we can straightforwardly identify the order of the DSAR model by
computing all possible posterior probabilities from the joint posterior mass function (??) and
choose the values of p, P ;, and P, that have the highest posterior probabilities to be the
appropriate DSAR model order for the time series under study. In case of no or little information is
available a priori about the model parameters § and t, in the following corollary we obtain the
joint posterior mass function of the DSAR model order.

Corollary 1 Using Jeffreys’ prior of f and 7 (6) and the conditional likelihood function (7), the
joint posterior mass function of the DSAR model order p, P 1, and P , is given by
r(*=2 _n-p’
{i(p, Py, P2|y) « {(p, P1»P2)np(—) Ty —y"X(XTX) T XTy] 2
n 2 |xTx|1/2

Vp=1,...,k1,P1=1,...,k2,P2 1 ,k3. (11)

Proof. The proof follows directly from Theorem 1 by setting 4 = 0, 2[51 =0,and v = —p~.

4 Simulation Study and Real Application

In this section we first present a simulation study to evaluate the efficiency of the
proposed Bayesian identification method for DSAR models, and then we apply the proposed
method to real world time series dataset of internet traffic.

4.1 Simulation Study

In this simulation study, we generate 100 time series of size n (from 200 to 500 with an
increment of 100 observations) from different DSAR models. Table 0 shows these DSAR models
and their corresponding true parameters values. By these DSAR models we try to cover different
seasonality patterns with different data type.
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Model o o, D, o, I, 1, o’
I.DSAR(L)(L) 4(1) 55 | 0.80 - 0.20 - 0.30 - 1.00
I1. DSAR(2)(1) 4(1) ,5| -0.40 | 0.30 | 0.40 - 0.40 - 1.00
I.DSAR?2)(2) 4(1) .| 05 | -0.40 | -050 | 0.40 | 0.40 - 1.00
IV.DSAR(2)(2) ,(2) 4/ 0.4 | 040 | 060 | -050 | 0.30 | 050 | 1.00

Table 1: Simulation design.

Once the time series datasets are generated from these DSAR models, the Bayesian
analysis is performed by assuming Jeffreys’ prior for the model parameters  and t, and
employing three prior distributions for the model order given as:

1 1 1
G, P, P,y) = - X - X k—,Vp =1,....k;,P, =1,...,ky, P, = 1,..., ks(Uniformprior)
1 2 3

((p, Py, Py) = 0.5P P1tPe wp = 1,.. ki, P, =1,...,k,, P, = 1,..., k3 (Geometricprior)
ki—p+1 k,—P,+1 ks—P,+1
$(p, P P2) = G+l gl ks +1
vp=1,...,k;,P, =1,...,k,,P, = 1,..., ks(Arithmeticprior) (12)

For each time series, we compute the posterior mass functions of the DSAR model order,
G (p, Py, Py|y), & (p, P1, Pyly), and {5(p, Py, P,|y) resulting from the employed priors in eq(12)
respectively with assuming the maximum values of the model order are k; = k, = k; = 3, and
then we identify the model order as a value with a maximum posterior probability. For all
simulated time series, we compute the percentage of correctly identified models by comparing the
identified order with the true value of p, P;, and P, used to generate the time series. Results of
the simulation study are presented in Table (1).

From the simulation results we can observe some remarks. Firs, the larger sample size the
higher percentage of correctly identified models is obtained. Second, the employed priors for the
model order result in very similar posteriors, and their impact in the percentage of correctly
identified models is small and can be ignored especially for sample size n = 300. Third, a higher
percentage of correctly identified models is obtained for simple DSAR models (Models | and 11)
compared to complicated DSAR models (Models 11l and 1V). In general, all these simulation
results confirm the efficiency of the proposed Bayesian method for identifying the DSAR models.

4.2 Application to Real-World Internet Traffic Time Series

The internet traffic time series represents real-world hourly internet amount of traffic (in
bits) dataset collected from private Internet service provider (ISP) with centers in 11 European
cities. In particular, Cortez et al. (2012) collected this time series dataset from 06:57 hours on 7
June to 11:17 hours on 29 July 2005, which is available online and can be downloaded .

' http://www3.dsi.uminho.pt/pcortez/series/
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n Gi(p, Py, Paly) ‘ $&(p, P Paly) ‘ (P Paly)
Model |
200 94 97 96
300 100 100 100
400 99 100 100
500 100 100 100
Model 11
200 79 72 77
300 96 94 94
400 99 99 99
500 97 99 99
200 Model I11
200 55 52 54
300 85 84 87
400 95 94 94
500 100 100 100
Model IV
200 21 16 19
300 64 62 62
400 91 90 90
500 96 96 96

Table 2: Simulation results for percentage of correctly identified models.

Figure (1) shows how the daily and weekly seasonal patterns are represented in the internet
traffic time series which reveal clearly the double seasonality. Accordingly, it is strongly
recommended to consider two seasonal components for this dataset, where the first seasonal
component is due to the intraday cycle (s; = 24) and the second seasonal component is due to the

intraweek cycle (s,

et anout of naffe Jn i
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2
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=168).
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Figure 1: Time plot of the internet traffic time series.
Cortez et al. (2012) tested a collection of DSAR models using different combinations of the
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p, P;, and P, values up to a maximum order of 2 in order to identify the best DSAR model that
can fit the internet amount of traffic dataset. They decided that DSAR(2)(2) ,4(2) 165 IS the best
model that has smallest value of Bayesian information criterion (BIC).

We can apply our proposed Bayesian methodology to identify the best order of DSAR
model to fit the internet amount of traffic dataset. We first employ the three prior mass functions of
the model order introduced in egn (12) and then compute the posterior mass functions of the
DSAR model order, ¢;(p,Pi,P:|y), {(p,Pi,Pyly), and {3(p, Py, P,|y) with assuming the
maximum values of the model order are 3. Results of the posterior probabilities are presented in
Table (2). Accordingly, we identify the model order as a value with the maximum posterior
probability as highlighted in Table (2). From these results, we can observe that the employed three
priors for the model order result in very similar identified DSAR models, which are also similar to
that identified by Cortez et al. (2012).

Model Order Priors of Model Order
P)(P1)(P) $1(p, P1, Py) & Py, P ly) {30, Py, Poly)
(D)) 1.3E-109 7.0E-109 4.0E-109
(2)(1)(1) 3.6E-03 9.9E-03 7.5E-03
(3)(1)(1) 1.1E-03 1.5E-03 1.1E-03
(1)(2)(1) 3.6E-112 1.0E-111 7.5E-112
(2)(2)(1) 2.1E-06 2.8E-06 2.8E-06
(3)(2)(1) 9.4E-08 6.5E-08 6.5E-08
(D)((3)(1) 2.0E-113 2.8E-113 2.1E-113
(2)(3)(1) 2.3E-13 1.6E-13 1.6E-13
(3)(3)(1) 6.2E-16 2.1E-16 2.1E-16
(1)(1)(2) 1.7E-107 4.8E-107 3.6E-107
2)(1)(2) 4.4E-01 6.1E-01 6.1E-01
(3)(1)(2) 4.0E-02 2.7E-02 2.8E-02
(1)(2)(2) 1.5E-113 2.0E-113 2.0E-113
(2)(2)(2) 5.4E-06 3.7E-06 5.0E-06
(3)(2)(2) 1.3E-11 4 5E-12 6.0E-12
(1)(3)(2) 2.4E-116 1.7E-116 1.7E-116
(2)(3)(2) 2.9E-18 1.0E-18 1.4E-18
(3)(3)(2) 3.4E-23 5.9E-24 7.9E-24
(1)(1)(A3) 7.0E-104 9.6E-104 7.2E-104
(2)(1)(3) 5.1E-01 3.5E-01 3.5E-01
(3)(1)(3) 5.7E-05 2.0E-05 2.0E-05
(1)(2)(3) 1.2E-112 8.0E-113 8.1E-113
(2)(2)(3) 3.1E-11 1.1E-11 1.4E-11
(3)(2)(3) 1.3E-19 2.2E-20 2.9E-20
(1)(3)(3) 9.2E-115 3.2E-115 3.2E-115
(2)(3)(3) 6.3E-26 1.1E-26 1.4E-26
(3)(3)(3) 3.9E-37 3.3E-38 4 5E-38
Identified DSAR(2)(1)(3) DSAR(2)(1)(2) DSAR(2)(1)(2)

Table 3: Posterior probability and identfied models for the real-world time series.
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5 Conclusions

In this paper we presented a Bayesian methodology to identify the order of DSAR models.
We derived the joint posterior mass function of the model order in a closed-form by combining the
conjugate priors on the model parameters with the conditional likelihood function, assuming the
model errors are normally distributed. Therefore, we can easily inspect the posterior mass function
of the DSAR model order and choose a value with the highest posterior probability as the best
model order for the time series being analyzed. We conducted a simulation study with different
priors for the model order and the results confirmed the efficiency of the proposed Bayesian
methodology. In addition, we applied our proposed methodology to real-world hourly internet
amount of traffic dataset. Future work may investigate model identification and outliers detection
for multivariate double seasonal models.
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On Expressing Continuous Distributions With Discrete Distributions
(A Review Of Literature )

Mohamed. S. A. Muiftah!

Abstract:

In this paper, the motivation of expressing continuous distributions via discrete ones is
discussed, discretizing methods are introduced, and the discretized distributions obtained using

these methods are also reviewed.

Key Words: (Continuous distribution, discretization, survival function, density function,

distribution function, failure rate).

Introduction:

It is sometimes inconvenient or difficult to get samples from a continuous distribution in real
life. The observed values are discrete because they are usually measured to only a finite number
of decimal places and cannot really constitute all points in a continuum. Even if the measures are
taken on a continuous (ratio or interval) scale the observations may be recorded in a way making
discrete model more appropriate. Therefore, it is reasonable to consider the observations as
coming from a discretized distribution generated from the underlying continuous model.

The reliability (survival) function is sometimes assumed to be a function of a discrete random
variable instead of being a function of continuous time random variable. For example, the
reliability of an on/off - switching device is a function of the number of operating times, and the
reliability of an airplane tire is a function of the number of landings. Similarly, the length of stay
in an observation ward is usually measured as number of days, and survival time of leukemia or
lung cancer patients may be measured in number of weeks. Many discrete distributions are

available to model such mentioned situations, for example, the geometric distribution is a

' Department of Mathematical Statistics, ISSR, Cairo University, Egypt.
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discrete alternative of the exponential distribution and the negative binomial distribution is a
discrete alternative of the gamma distribution, but it is also well known that these discrete
distributions are unsuitable for some situations because of their monotonic hazard rate functions
[Jazi et al. (2010)], therefore, research is ongoing to find new discrete distributions suitable to
treat different conditions and to fit to various types of lifetime data. In the light of the above

contexts, the study of the discretization of continuous distributions is meaningful.

General approaches of discretization:
Discrete analogues of continuous distributions may be obtained using some methods of

discretization. Only four methods will be introduced in this work:

Approach 1: Discretizing using the survival function:

Suppose that the continuous random variable X has the survival function (sf)
S(x)=Pr (X >x), then the random variable Y = [X] (where, [X] is the largest integer less than
or equal to X) will have the probability mass function (pmf):

P(Y=y)=P(y<X<y+1)

=P(X >y)-P(X >y+1)

=S(y)-S(y+1), y=0,12,--- (1)

The pmf of the random variable Y may be considered as a discrete concentration of the
probability density function (pdf) of the continuous random variable X. (Roy, 2004).
Using formula (1), it is possible to generate a discrete distribution corresponds to a given

continuous distribution. For example, If X is an exponential random variable with the sf
S(x)=Pr(X > x)=e"%, then the pmf of its discrete version is given by:
P(Y=y)=e? e /U V=gy g =(1-g)q¥, y=0,1,2-

where, g=e"?. This is the geometric distribution.
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Discretization of continuous distributions using this method retains the same functional
form of the survival function. So, many reliability characteristics remain unchanged [Krishna and
Pundir (2009)]. There is enough motivation to use this technique of generating discretized
version of continuous distribution with this approach to develop new discrete lifetime models
corresponding to the existing continuous one.

Following this approach, Many researchers studied discretization of some known
continuous distributions for use as lifetime distributions. Nakagawa and Osaki (1975) proposed a
discrete Weibull distribution. Xie et al. (2002) introduced the modified Weibull extension.
Bracquemond and Gaudion (2003) introduced the discrete geometric Weibull distribution and
investigated the discrete truncated logistic distribution. Roy (2003) derived the PMF of the
discrete analogue of the normal distribution and elaborated its application for evaluating the
reliability of complex systems as an alternative to simulation methods. Roy (2004) proposed a
discrete Rayleigh version as a particular case of the discrete Weibull distribution and used it in
approximating the reliability value of a complex system to examine probability integrals arising
out of a continuous setting. Krishna and Pundir (2007) derived the discrete Maxwell
distribution. The modified Weibull Type | distribution was introduced by Sarhan and Zaindin
(2009). Krishna and Pundir (2009) derived the discrete Burr XII distribution and applied it to fit
the reliability in series system and a set of real data, they also derived the discrete Pareto
distribution as a special case of the discrete Burr XII distribution. The discrete extended
exponential (telescopic) distribution was introduced by Roknabadi et al. (2009). Jazi et al. (2010)
introduced the discrete inverse Weibull distribution. Gomez-Déniz (2010) used the Marshal-
Olkin scheme to generalize the SF of the exponential distribution and then got the discrete
generalized exponential distribution. Gomez-Déniz and Calderin-Ojeda (2011) introduced the
discrete Lindley distribution and used it as an alternative to the Poisson distribution to model
automobile claim frequency data. Nooghabi et al. (2011) got the modified Weibull Type II
distribution as a special case of the telescopic distribution. Bebbington et al. (2012) explored a
discrete analogue of the additive Weibull distribution. Bakouch et al. (2012) proposed another
version of the discrete Lindley distribution. Chakraborty and Chakravarty (2012) proposed the
discrete gamma distribution and applied it to fit the reliability function of real discrete failure
time data and also for modeling probability distribution of count data. Al-Huniti and Al-Dayian

(2012) introduced the discrete Burr 111 distribution and discussed its distributional properties and
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reliability characteristics along with a graphical description. Nekoukhou et al. (2013) got the
discrete generalized exponential distribution, estimated its parameters, and examined its model
using a real set of data related to accidents of women working on Shells for five weeks.
Khorashadizadeh (2013) proposed the discrete log-logistic distribution as a special case of the
discrete Burr XII distribution. Hussain and Ahmad (2014) introduced the discrete inverse
Rayleigh distribution. Chakraborty and Chakravarty (2014) derived the discrete Gumbel
distribution and applied it to fit three real life count data in relation to maximum flood discharges
and annual maximum wind speeds. Almalki and Nadarajah (2014) got the discrete reduced
modified Weibull Type Il distribution as a special case of the telescopic distribution. Barbiero
(2014) proposed the discrete skew Laplace distribution and applied its model to artificial and real
data. GoOmez-Déniz et al. (2014) generalized the SF of the normal case when u = 0 and >0
using the Marshal-Olkin scheme and got the discrete half normal distribution which can also be
regarded as a particular case from the discrete generalized gamma distribution of Chakraborty
(2015a)[see, Chakraborty (2015b)]. Chakraborty (2015a) derived the discrete generalized gamma
distribution, discussed the failure rate (fr) behavior for the distribution and demonstrated its
application in two real life count data sets. Another version of the discrete Pareto distribution
was given by Kozubowski et al. (2015) from which they obtained the discrete truncated Pareto
distribution. Chakraborty and Chakravarty (2015) introduced the two-sided power distribution,
studied its distributional and reliability properties, and estimated its parameters using ML and
moment methods. Alamatsaz et al. (2016) proposed the pmf of the discrete generalized Rayleigh
distribution. Chakraborty and Chakravarty (2016) proposed the discrete logistic distribution and

applied it to model real life count data.

Approach 2: Discretizing using the density function:
Suppose that X is a continuous random variable with pdf f (x) —o < X< oo, then, the

pmf of the discretized random variable where, Y = [X] is derived as:

P(Y=y)= f(y) : y=0£1,+2, - .. (2)

o0
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For example, If X is an exponential random variable with the pdf f(x)zee_gx, x>0, then

the pmf of its discrete version is given by:

-0y -0y
P(Y=y)= OI(Y) _ 0099 :OS . y=0,1, -
Sty) Xoe? e
y=—0 y=0 y=0
But, ixk= 1 ,:ie_gyz%z(l—e_g)_l,then:
ko  (1-X) y=0 (1-e %
-0y
— _ € _ a0y -6 _
PY=y)= =€ 1-e7), =0,1, ---
Y =y) o)t ( ),y

therefore, P(Y=y)=(1-e ) e =@1-0q)q’, y=0,12, -

This is the geometric distribution where, ¢ = e ?.

Another example is the discrete analogue of the normal distribution with mean x and

variance o2 which was derived by Kemp (1997) is given by the following pmf:

[y(y-1)2]
P(Y=y)=R = fyqyy . y=0,41,42,--
s 9Yglyly-1)/2]

y=—o0

where, @=eC2#C2C)50  g<q=e?% <1, and the normalizing constant

1

s @Yy y-1r2]
y=—o0

= e(—l‘cl‘cs‘”z ) where, C;, C,, and C3 are the constants in the Lagrangian

L in the Lagrange’s method of undetermined multipliers:

L=-> PylnPy—Cl[yZ Py—l:l—C2|:yz yPy—y}—C3|:y (y—u)? py—gz]

y=—x

o1

and IRy +1+Cy +Cypy +c,(y —u)* =0

Using formula (2), Siromoney (1964) suggested a discrete general Dirichlet distribution and

applied it to model the frequency distribution of the length of wet spells during the period 1932-
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1962 in Tambaram in southern India. Lai and Wang (1995) suggested the discrete power

function distribution and used it for fitting discrete failure times and a type of mortality data. The
discrete analogue of the normal distribution with mean 4 and variance o? was derived by Kemp

(1997) and was applied by Harris et al.(2001) in dynamic analysis of rural establishment count
data. Sato et al. (1999) proposed the discrete exponential distribution and applied it to model
defect count distribution in semiconductor deposition equipment and defect count distribution
per chips. The convolution of the discrete exponential distribution was used by Sato et al. (1999)
to give a discrete gamma distribution which was applied again by them to model defect count
distribution in semiconductor deposition equipment and defect count distribution per chips. The
discrete Gaussian exponential (also called the discrete log normal) distribution was proposed by
Bi et al. (2001). The discrete half normal distribution was derived by Kemp (2006) as the
maximum entropy distribution on (0, 1, . . .) with specified mean and variance. It may be
regarded as a special case of the discrete normal distribution of Kemp (1997). A discrete version
of the Laplace distribution was derived by Inusah and Kozubowski (2006) and introduced by
Andersen et al. (2013a) to estimate Y-STR haplotype frequencies, as described by Andersen et
al. (2013b), demonstrating a number of examples using R package. Kozubowski and Inusah
(2006) proposed the discrete skew Laplace distribution. Nekoukhou, et al. (2012) introduced a
discrete analogue of the generalized exponential distribution and fitted its model to rank
frequencies of graphemes in Slovene (a Slavic language). Lekshmi and Sebastian (2014)
introduced the discrete generalized Laplace distribution. Nekoukhou et al. (2015) proposed the
discrete analogue of the beta-exponential distribution and fitted it again to rank frequencies of

graphemes in Slovene.

Approach 3: Discretizing by shifting the cumulative distribution function:

If X is a continuous random variable having a cumulative distribution function (cdf)

Fx (X), then the pmf of the discrete analogue Y is given by:
P(Y=y)=P(y)=F (y+8)-F [y-(1-6)],y=0,#1,+2,---,+i ; 0<5<1,

this pmf retains the form of the original cdf, except for a shift in the location by ¢. [Roy and
Dasgupta (2001)]. For example, If X is an exponential random variable with the cdf

F(x)=1—-e"9%, x>0, then the pmf of its discrete version is given by:

Cairo University-Institute of Statistical Studies and Research

16


http://www.tandfonline.com/author/Nekoukhou%2C+V

The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

P(Y=y)=F (y+6)-F[y-(1-05)]
:[1_9—9(Y+5)]_{1_e—9[Y—(1—5)]}

_ Ol--6) _g-0(y+0)
:e_g[y_(1_5)](1_e_0)’ y:O’l’...

For ¢ = 1, this pmf reduces to the geometric distribution.

A standard form of this pmf is considered to reduce the range of Y. For example if X " is a
random variable having a normal distribution with mean x and standard deviation o, that is, X "~
N (, ¢°), then, the discrete counterpart of X is: Y =u+o.Z
where, Z " is the discrete counterpart of Z ~ N (0, 1).

Using this method of discretizing, Perry and Taylor (1985) proposed the discrete
analogue of the Ade's distribution and fitted it to 22 entomological data sets. Roy and
Dasgupta (2001) proposed this method in order to evaluate the reliability of complex systems
under stress-strength model where available analytic approaches fail to provide a closed solution.
According to this method, the cdf of Y (the resulted discrete random variable) retains the form
of the cdf of X (the original continuous random variable) and support of Y is determined from a

subset of the range of X.

Approach 4: Discretizing using the failure rate:
Stein and Dattero (1984) proposed this method to obtain a discrete version of the
Weibull distribution. According to this method, the fr of Y retains the form of the fr of X.

Given the fr of the continuous random variable X, hy (x) then the pmf of Y is:

P(Y =y)=[1-hy O)I1-hy ()]---[1-hy (y - K1-[1-hyx ()]}
=[1=hx O)[1-hx (D---[1-hx (y =DIhx (y)

hy (0), y=0
=1[1-hx O)J[1-hx (D]---[1-hx (y-D]Ihx (y), y=12,--,d
0, otherwise

where, d is determined such that 0 <hy (x)< 1, and the sf of Y is given by:

Sy () =[1-hx @I[1-hyx ]---[1-hx (y-DI. y=12,-
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Salvia and Bollinger (1982) and Padgett and Spurrier (1985) gave the following

illustrations:

1. Forconstant fr [hy (y)=c], 0<c<1I, y=0,1,..., (the exponential distribution),
P(Y =y)=[1-hx Q)][1-hy (D]---[1-hx (y-=D]hy (y)

:[(1_(;)(1—(:)---(1—0)]0=C(1—C)y, y=0,1,...

this is the geometric distribution.

2. For decreasing fr [hx(y)zﬁ], 0<c<lI, y=0,1,..., then:
+

P(Y =y)=[1-hy (0)][1-hy ()]---[1-hy (y = D)]hx (y)
C C C
=[(1—C)(1—§)"'(1—§)](m)
_ C(l—C)(Z—C)---(Y—C), y=01..
(y+1)!

3. For increasing fr [hx(y)=1—ﬁ], 0<c<lI, y=0,1,..., then:
+

P(Y =y)=[1-hx (0)][1-hy (D]---[1-hy (y —D)Ihx (y)
c c c
=[c (E)“'(g)][l—(m)]

_(y-c+1)c? y=0.1
Sy T

C
To insure that > P(Y =y)=1each probabilityP(Y =y)has to be multiplied by a
y=0

positive normalizing constant. The functional form of the fr will not be affected by such a choice.
[Chakraborty(2015b)].
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Bracquemond and Gaudoin (2003) criticized the assumption of a bounded support and

referred such models as not to be very useful practically, asking the question: How can one be

sure that the underlying system will fail in less than ¢ demands®.

Using this method of discretizing, Stein and Dattero (1984) discretize the Weibull

distribution. Padgett and Spurrier (1985) obtained the discrete analogue of the Weibull

distribution using the definition of the fr provided by Roy and Gupta (1992). Roy and Gosh

(2009) got discrete analogues of the Rayleigh and the Lomax distributions and used the fr of the

Lomax distribution to approximate the reliability of complex systems where exact determination

of the survival probabilities are analytically intractable.
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Estimation for Birnbaum-Saunders Distribution in Constant-Stress

Accelerated Life Test with Hybrid Censoring

Mohamed S. Hamouda ~

Abstract:

This paper introduces the maximum likelihood estimation for the
Birnbaum-Saunders distribution based on hybrid censoring in the constant-stress
accelerated life test with power law accelerated form. Maximum likelihood
estimates (MLESs) of an accelerated life tests model are derived. Prediction of the
scale parameter under usual conditions is obtained. Moreover, the reliability
function at a certain mission time under the same conditions is also predicted. A
Monte Carlo Simulation study is carried out to study the precision of the MLESs
for the parameters involved.

Keywords and Phrases: Accelerated life testing; Reliability; Constant stress; Birnbaum-
Saunders distribution, Maximum likelihood estimation; Inverse power law model; Hybrid
censoring

1- Introduction
In industrial experiments, most of products and materials with high reliability are
difficult to obtain information about their lifetime under normal conditions. It is

often very costly and time consuming. To avoid these drawbacks and improve
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the efficiency of experiment, one of the choices may be to resort to Accelerated
life testing (ALT) which is often used in order to induce failures of very high
reliability devices. In such tests, the units are tested under accelerated conditions
(stress) that is extremely more severe than normal use conditions encountered in
practice. So, the time necessary to test a sample of such devices under normal
conditions very costly, take a long time. So, ALT save time and cost. Stress
would induce early failure of the tested units. Over stress may be in the form of
temperature, voltage, pressure, load, humidity, vibration,...etc, or some

combination of them.

As Nelson [1990] indicated, the stress can be applied in various ways,
commonly used methods are constant-stress and step-stress. In a constant stress
accelerated test, each unit is run at a prespecified constant stress level which
does not vary with time. In use, most products such as semiconductors and
microelectronics, capacitors, lamps, ...etc, run at a constant stress. This type of
stress is widely used and preferred because the stress is constant in most
applications, it is much easier to apply and quantify constant stress and models

for constant stress are available, widely publicized and empirically verified.

Determining a relationship between stress and scale parameter of the
lifetime distribution, extrapolation to the normal use conditions will be carried.
This relationship is known as the acceleration model. It is assumed that changing

the stress from one level to another affects the value of the parameter only and
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not the functional form of the lifetime distribution. This is a major assumption of

ALT.

Constant stress ALT, was applied by several authors. Among others, are
Owen [1997], Aly [1997], Abdel-Ghaly et al. [1998] , Al-Hussaini and Abd-
Hamid[2004,2006] andWatkins and John [2008].

Birnbaum and Saunders [1969] proposed a two-parameter failure time
distribution for fatigue failure caused under cyclic loading. Fatigue failure based
on a model which assumes that failure is due to the development and growth of a
dominant crack. This distribution is known as the two-parameter Birnbaum-
Saunders ( BS) distribution or as the fatigue life distribution. As Artur and Silvia
[2011] indicated that, this distribution is an attractive alternative to the Weibull,
Gamma and Log-normal models, since its derivation considers the basic

characteristics of the fatigue process.

Statistical analysis for the BS distribution has been limited to complete data
by several authors,( for example, see Chang and Tang [1993], Owen [1997],
Dupuis and Mills [1998], Xu and Tang [2010]).

little works have been done based on censored data, (for example, see
Rieck [1995], Kevin [1999] ,Jeng [2003], Ng et al. [2006],Wang et al[2006], Xu
and Tang [2011],Artur and Silvia [2011]) and Attia et al. [2013a,b] , Hamouda
[2014,2015]) and Sun and Shi [2016].
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The estimates from the censored data are less accurate than those from the
complete data. However, this is more than offset by the reduced test time and
expense. The most common censoring schemes are type-I and type-Il censoring.
Consider n units placed on life test, in conventional type-l censoring, the
experiment continues up to a pre-specified time . But in conventional type-II
censoring , the experiment is terminated after a pre-chosen number of units
r < n of failures .The mixture of type-1 and type-1l censoring schemes is known
as hybrid censoring scheme, which was introduced by Epstein (1954) , and it can
be described as follows. Consider the following life testing experiment in which
n units are placed on test. The lifetimes of the sample units are assumed to be
independent and identically (i.i.d) random variables. The test is terminated when
a pre-chosen < n , out of n units have failed, or when a prespecified time, n , has
been reached. In other words, the life test is terminated at a random time
tr)) = min(tey,m) . It is also usually assumed that the failed units are not
replaced in the experiment. From now on, we refer to this hybrid censoring

scheme as type-I hybrid censoring scheme (Type-1 HCS).

In this paper, we discuss the MLEs of constant-stress ALT for two-
parameter BS distribution under Type- | HCS. This model is described in details
in Section 2, and the value of the scale parameter and the reliability function at a
mission time t, under usual stress are predicted. Section 3 explains the
simulation studies for illustrating the theoretical results. Finally, conclusion are

included in Section 4.
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2. Model description and maximum likelihood estimation

Assume the lifetime T is assumed to have a two - parameter BS
distribution with the shape and scale parameters o and B respectively. So, the
probability density function of T is

ft;a,B) = ”» 12nﬁ(2:%)exp %(%+§—2)],t >o0,a,8>0 [1]

The scale parameter (f) is the median of the BS distribution which has a

wide use in reliability studies. The cumulative distribution function is as follows:

meﬂ%ﬂbéjé5_J@5' [2]

where @ (.) denotes the standard normal distribution function. And the reliability

function of BS distribution in (1) takes the form:

Rt)=1-F(t)=1—-o % \/@—@ [3]

The scale parameters 8 and the stress V are related by the inverse power

law model, which is described in Mann et al. [1974].
By =cv" ,C,P >0 j=12,..k [4]

Where C is the constant of proportionality, and P is the power of the

applied stress, which are the parameters of this model.
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Assume that the life testing experiment is conducted under K higher stress
Vi, J=1,...k and assume that V,, be the normal use conditions such that
V<V1<V,<...<V\. At each V; there are n; units put on test. The total number of

units in the experiments is N:Z?:1 n;. When a Type-I HCS is adopted at each

stress level, the experiment terminates once the number of pre-chosen number r;

of failures , or pre-determined time n; whichever is reached first.

When tq)) < te) < <tq; denote the observed failure times if
tr) <M AN tuj) < tej) < - < t(q,) denote the observed failure times if
ta) <7 d; <7 and the ((d+1) ) ™ failure does not take place before time
point n;. So, sampling according to the type-1 HCS is terminated at:
s = min (£r,) ;) ]
Such that : R;=r; Case I, otherwise R; = d; case ],

Where d; denotes the number of failures observed before time point ;.

The lifetime t; at stress Vj, i=1, .. .R; and j=1,..k, are assumed to be two-
parameter BS distribution. The likelihood function of the experiment is

considered to have the foIIowing form:

k

L(a,C,P) = 1_[ [( — ) ] Hf(tu,a C, P)‘ [1 —F (t(Rjj))]"j—Rj
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R;
X n;! [ 1 t;; +CVP —-1( t; cv7F
L(a,C,P) = n(n JR )l| (ty zj )exp - <CI;-]‘P + t]
J [t L2a 2n(cvi?)  (t)? J Y

nj—R
—2> PN Y i Ty [6]
J a CI/f_P t(Rjj)

From a statistical point of view, the method of maximum likelihood yields
estimators with good statistical properties. Since these estimators do not always
exist in closed from, numerical techniques are used to compute them.

This section discusses the process of obtaining the maximum likelihood
estimates of the parameters a, C and S based on type-1 HCS. Both point and
interval estimations of the parameters are derived.

Using InL to denote the natural Iogarlthm of L(a, C, P), then we have

InL = constant—ER [lna+ln—c] ER InV; +ZZln(tU + CV;~ P)——ZZM (tu)

j=1i=1 j=1i=

2azzz<cv- t ) Z(n, R; )W(Ryj) [7]

j=1i=

where constant = 2 Rj (ln n;! — ln(nj — Rj)!) — kRj ln(Z\/%) ,

=

_ 1 t(R] CV d
W(Ry) =n[1 =@ ()] . “’(Rﬂ')=E< CV]P /tm])

MLEs of a, C and P are obtained by getting the partial derivatives of InL

with respect toa,Cand P respectlvely as follows

= ZR <_) ( )ZZ(CV” t-- ) Z("f 6W( g (8]

j=1i=1
$ aw(
sz-P + Z j

(i;_rcl‘Lz_Z&(zc) ZZ(t J[:va ) mzZZ(l

j=1i=1 J j=1
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alnL i
—_ ZRan] Zanlz

= i=1

standard normal distribution as:

1 (w(RjJ'))

p,
2a \/C3V}-P

OW(RjJ) _

S ERLICITE

OW(R
a(c ) =H (‘”(Rﬂ))

1

cv;?
t” +CV

k J
1
a2 (&
For notational convenience,

1-9(y)

XGRS

t(rj)

V-_P
+ j !
Jj

Ctr;))

MRy, ~00)

opP

2a

t(Rjj) n CV}'_P
/NI D)

[10]

let us denote the hazard function of the
H(y) =

[11]

[12]

[13]

To obtain @, C and P at which the log likelihood function is maximized, equating

the equations (8-10) to zero. Since the closed form solution to thesis equations

do not exist. The numerical iteration will be used to solve these equations. To

estimate the variance-covariance matrix of the estimated parameters, we use the

second derivatives of the logarithm of the likelihood function defined in equation

(6).The second derivatives are used to get the information matrix (F), and hence

the inverse of F is the asymptotic variance-covariance matrix. The Fisher-

information can be expressed in the form:

[—82InL
oa’

—-8%InL
0Coa

—-8%InL
oPdo

—-8%InL
0aoC

—-8%InL
oC?

—8%InL
oPoC

—d%InL |

OaoP

—-8%InL
oCoP

—-8%InL
oC?

[14]

The inverse of F is the asymptotic variance-covariance matrix of (&, C and P).
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v=F1 [15]

Then, the second partial derivates are given as follows:

R;
il < 3 ‘ azw( )
da? _z jaz_?zz CV P t ~Z +z("f R) ez a? [16]
j=1 j=1i=1 j=1
Pl < £ - T 92w (Ryj)
]
——— =) R, — ( ) (0 —R)—=— [17]
ac? = ZCZ }ZZ(tU + CV P) az o C3V Z ac?
2L~ N 1 Ll v 2 2w (Ryj)
2 iy 2 ij j J.

——=c) (ny, S A — P n 18
ape =€ 2,0) ;<(ti,.+cvj—f=y> 22( ) Z(Cv Lt ) Z(, R))—5pz 18]

k Rj _ k
0%InL _i V]'_P_ tij + ( _R) aZW( ) 19
9adC _ a® t;  C2VF ") a0 [19]

j=1i=1 > Y J j=1

k Rj _ k
a%InL =iZ(an-)z 6oy Z( | )a ‘w(Rj)) (20]
dadP ~ a3 4 J S\t = Y~ R —5aop

azlnL k OZW(Rjj)
acoP Z Iny Z P 20{220“”2 (—-+ CZV ) Z("f ~R)5cop 121
(tU +CV; ) ij =
02w (R;j) \ 1 1

Where = 3= =1 (0@) * 5 (0w)) = H (o) * 72 (00)
PW(R) . L[ [ Lr) 7 1 F®) I/

acz =H (w(Rjj))£<\/C3Vj_P + Ct(Rjj) - H (w(Rjj))E 3 CSV]-_P + C t )
0 W( ]) H (anI t(RJJ cv” (an] t(RJJ) cv”

o (o) 7" fap | o) T @ )
PWR)) _ . 1 E(r;5) VP

dasc (v (Rﬂ))a(w(Rﬂ)) H (0, ) a(J C3VJ, Pt Ct](RjJ') 125]
*W(Ryj) _ y (1nV, t(R, cv?

dadP ( (Rﬂ)) (w(RJJ)) +H (w(RJJ) 2a () [26]
PPwRy) _ L[] fr) ’ (nvp) [ | rp) ’ i/

acan =H (w(Rjj));< C3V] P Ct > w(Rjj)) 4a] < C3V;‘P - Ct(}R 1)> [27]

J
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Getting Fisher-information matrix, it can be said that the MLE &, € and P have
an asymptotic variance-covariance matrix defined by inverting the Fisher-

information matrix.

The approximate confidence intervals of the parameters are derived based
on the asymptotic distribution of the MLEs of the elements of the vector of
unknown parametersg p = (o, C, P)- It is known that the asymptotic distribution
of the MLEs of gp=(aqcP) Iis given as follows:

@w (C-c) (P-P)

Jvar(a)’\/var(ﬁ)’\/var(f))

, which can be approximated by a standard normal

distribution, see Miller [1981], where var(@) Is estimated as the asymptotic
variance, obtained from[15]. Then, the approximate 100y % two sided

confidence interval for a, C, P are, respectively, given by:

@+ Z,p/var@ ,C+Z,, /Var( C) andP+2Z,, f var( P) , [28]

where Z, , is the 100(y /2)standard normal percentile.

4. Simulation Studies

In this section simulation studies using the MathCAD(14) are conducted
to investigate the performances of the maximum likelihood estimates through
their estimators, their absolute relative bias (RABias), mean square error (MSE)

and the confidence intervals of the MLEs. Using the invariance property of
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MLEs, we can estimate the MLE of scale parameter 3; through the following

equation

A P

By =Cv " ,C,LP>0 j=1.23 [29]
The Simulation procedures were described as follows:

Stepl. 1000 random samples of sizes 90, 150, 210, 300 and 450 were generated
from the BS distribution. Different initial values are selected for all sets of
(ag, Coand Py) . There are only three different levels of stress, k=3, the stress

values are selected as(V; =.9,V, =14,V;=19). n; =§ ,and r; =

60%mn; andn, =5,n, = 3,13 = 2.

Step2. For all sample sizes, the parameters of the model are estimated under

Type-1 HCS, for all sets of («,, Cy and Py).

Step3. Equations 8,9 and 10 are solved by using the Numerical method. The

estimate of scale parameter §3; was obtained from equation [29].

Step4. The estimators , RABias and MSE are tabulated for all sets of
(g, Co and Py) in Tables (1-3) based on Type-1 HCS.

Step5. The confidence limit with confidence level (1 —y) = 0.95 are tabulated
for all sets of parameters in Tables (4-6) based on Type-I HCS.

Step6. Using the invariance property of MLEs, the MLE of the scale parameter
B, of BS distribution at usual stress V, =.5, can be estimated by using the

following equation:
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A PN

B, =C.5P ,C,P>0 j=123 [30]

Also, the reliability function at mission time (t; =1.5,t, =1.8,t; =
2.1and t, = 2.4) are predicted under the same usual condition for all sets of

(g, Co and Py) in Tables [7-9].
4. Conclusion

The performances of the estimators are investigated by simulation study

and from results of Tables [1-6], it is observed the following :

1- The MLEs for all sets of initial values of parameters have good statistical
properties for all sample sizes. As the sample size increases, the MSE of

estimators decreases.
2- As the sample size increases, the interval of estimators decreases.

3-As the stress increases, it is evident that the MSE of the estimated scale

parameter 3; tend to decrease.

4- As the value of a, decrease, it is evident that the MSE of estimates decrease.

5- It is evident that the MSE of the estimates do not rely on varying the values of

P,and Cy .
From results of Tables [7-9], it is observed the following:
1-As the sample size increases, the reliability function increases.

2- As the values of C, and P, increase at the same mission time, the reliability

function increases.
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3- There is an inverse proportional relationship between the shape parameter o,

and the reliability function.
Table (1): The Estimates, RABias and MSE of the parameters under Type-1 HCS

r; = 60%n;,1n, = 5,1,

=3m3=2V; =9V, =14V; =19

n | Parameters «=.25C=15P=1 a=5C=15P=1
Estimators | RABIas MSE | Estimators | RABIas MSE
« 0.228 0.089 0.002 0.456 0.087 0.01
C 1.49 0.006 0.011 1.49 0.005 0.045
20 P 1.007 0.007 0.026 1.013 0.013 0.103
By 1.66 0. 004 0.019 1.667 0.003 0.077
B, 1.06 0.009 0.003 1.059 0.014 0.012
Bs 0.788 0.009 0.003 0.783 0.007 0.014
a 0.242 0.033 0.0007 0.483 0.033 0.003
C 1.49 0.002 0.004 1.49 0.003 0.014
%0 P 1.001 0.0006 0.008 0.993 0.007 0.033
B, 1.66 0.002 0.006 1.663 0.002 0.023
B, 1.07 0.003 0.001 1.068 0.002 0.004
Bs 0.788 0.002 0.0004 0.792 0.003 0.005
a 0.246 0.016 0.002 0.492 0.016 0.002
C 1.498 0.001 0.005 1.499 0.0009 0.008
150 P 1.001 0.001 0.004 1.004 0.004 0.019
B, 1.665 0.0007 0.0006 1.667 0.0001 0.014
B, 1.069 0.001 0.0007 1.068 0.003 0.002
Bs 0.788 0.002 0.0007 0.787 0.003 0.003
a 0.247 0.013 0.0003 0.494 0.012 0.001
C 1.499 0.0009 0.002 1.499 0.0004 0.006
210 P 1.001 0.0008 0.004 1.002 0.002 0.014
B, 1.665 0.0007 0.003 1.667 0.0003 0.010
B, 1.071 0.001 0.0004 1.07 0.002 0.001
Bs 0.788 0.001 0.0005 0.788 0.002 0.002
a 0.248 0.009 0.0002 0.496 0.007 0.0008
C 1.5 0.0002 0.001 1.5 0.0003 0.004
200 P 1 0.0009 0.002 1.002 0.002 0.009
B, 1.001 0.0004 0.001 1.667 0.0003 0.007
B, 1.071 0.0002 0.0003 1.07 0.001 0.001
B3 0.789 0.00004 0.0003 0.788 0.002 0.001
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T:i = 60%7’1],T|1 = 5,T‘|2 =3 yNz = 2,V1 = .9,V2 = 1.4’,V3 =19

n | Parameters a=5C=15P=1 a=5C=2P=1
Estimators | RABIas MSE | Estimators | RABias MSE
« 0.456 0.087 0.01 0.453 0.094 0.009
c 1.49 0.005 0.045 1.97 0.012 0.07
20 P 1.013 0.013 0.103 1.009 0.009 0.104
B, 1.667 0.003 0.077 2.205 0.008 0.123
B, 1,059 0.014 0.012 1.402 0.019 0.021
Bs 0.783 0.007 0.014 1.037 0.015 0.026
a 0.483 0.033 0.003 0.487 0.026 0.003
C 1.49 0.003 0.014 1.99 0.0003 0.024
% P 0.993 0.007 0.033 1.002 0.002 0.033
By 1.663 0.002 0.023 2.224 0.0009 0.123
B, 1.068 0.002 0.004 1.426 0.002 0.04
B3 0.792 0.003 0.005 1.052 0.0004 0.007
o 0.492 0.016 0.002 0.491 0.018 0.002
C 1.499 0.0009 0.008 1.99 0.001 0.015
150 P 1.004 0.004 0.019 1 0.00005 0.019
By 1.667 0.0001 0.014 2.22 0.001 0.026
B, 1.068 0.003 0.002 1.425 0.002 0.004
B3 0.787 0.003 0.003 1.051 0.002 0.005
0( 0.494 0.012 0.001 0.495 0.009 0.001
C 1.499 0.0004 0.006 2.003 0.001 0.011
210 P 1.002 0.002 0.014 1.003 0.003 0.014
B, 1.667 0.0003 0.010 2.227 0.002 0.018
B, 1.07 0.002 0.001 1.428 0.0002 0.003
B3 0.788 0.002 0.002 1.052 0.0004 0.003
« 0.496 0.007 0.0008 0.496 0.008 0.0009
C 1.5 0.0003 0.004 1.999 0.0001 0.007
300 P 1.002 0.002 0.009 1.004 0.003 0.009
B, 1.667 0.0003 0.007 2.223 0.0003 0.013
B, 1.07 0.001 0.001 1.426 0.002 0.002
B3 0.788 0.002 0.001 1.05 0.002 0.002
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T:i = 60%7’1],T|1 = 5,T‘|2 =3 yNz = 2,V1 = .9,V2 = 1.4’,V3 =19

n | Parameters a=5C=15P=1 a=5C=-15P=15
Estimators | RABIas MSE | Estimators | RABIas MSE
a 0.456 0.087 0.01 0.485 0.084 0.009
C 149 0.005 0.045 148 0.009 0.042
P 1013 0.013 0.103 149 0.004 0.098
30 5, 1667 0.003 0.077 175 0.007 0.079
6, 1,059 0.014 0.012 0.89 0.012 0.008
6, 0.783 0.007 0.014 057 0.004 0.007
o 0.483 0.033 0.003 0.485 0.04 0.003
C 1.49 0.003 0.014 1.49 0.001 0.014
00 P 0.993 0.007 0.033 15 0.004 0.034
B, 1.663 0.002 0.023 175 0.0008 0.027
g, 1.068 0.002 0.004 0.901 0.005 0.002
8, 0.792 0.003 0.005 0.57 0.004 0.002
o 0.492 0.016 0.002 0.491 0.019 0.002
C 1.499 0.0009 0.008 1.498 0.001 0.008
- P 1.004 0.004 0.019 15 0.003 0.019
B, 1.667 0.0001 0.014 1757 0.0001 0.016
8, 1.068 0.003 0.002 0.902 0.004 0.001
8, 0.787 0.003 0.003 0.57 0.004 0.001
o 0.494 0.012 0.001 0.495 0.011 0.001
C 1.499 0.0004 0.006 1.495 0.003 0.005
1o P 1.002 0.002 0.014 1.49 0.003 0.013
B, 1.667 0.0003 0.010 175 0.003 0.011
8, 107 0.002 0.001 0.904 0.002 0.001
8, 0.788 0.002 0.002 0.573 0.0003 0.001
o 0.496 0.007 0.0008 0.495 0.009 0.0009
C 15 0.0003 0.004 1.496 0.002 0.004
200 P 1.002 0.002 0.009 1.497 0.002 0.01
B, 1.667 0.0003 0.007 175 0.002 0.007
8, 107 0.001 0.001 0.904 0.002 0.0009
8, 0.788 0.002 0.001 0.573 0.0004 0.0008
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Table (4): Confidence bounds of the parameters at confidence level .95 under Type-1 HCS

Tj = 60%7’1],1‘]1 = S,le = 3,‘[‘|3 = 2,V1 = .9,V2 = 1.4,V3 =19

n | Parameters @=.25C=15P=1 @=.5C=15P=1
Estimators | Variance | (Lower,Upper) | Estimators | Variance | (Lower,Upper)
ot 0.228 0.003 (0.152,0.304) 0.456 0.01 (0.305,0.608)
30 C 1.49 0.011 (1.320,1.680) 1.49 0.045 (1.167,1.818)
P 1.007 0.026 (0.740,1.280) 1.013 0.103 (0.489,1.536)
a 0.242 0.0007 (0.193,0.291) 0.483 0.003 (0.385,0.582)
90 C 1.49 0.004 (1.39,1.61) 1.496 0.014 (1.279,1.713)
P 1.001 0.008 (0.83,1.17) 0.993 0.033 (0.657,1.328)
ot 0.246 0.0004 (0.207,0.285) 0.492 0.002 (0.413,0.57)
150 C 1.498 0.002 (1.41,1.59) 1.499 0.008 (1.325,1.67)
P 1.001 0.005 (0.87,1.14) 1.004 0.019 (0.738,1.27)
a 0.247 0.0003 (0.214,0.28) 0.494 0.001 (0.427,0.561)
210 C 1.499 0.001 (1.42,1.57) 1.499 0.006 (1.351,1.648)
P 1.001 0.004 (0.886,1.11) 1.002 0.014 (0.775,1.229)
o 0.248 0.0002 (0.22,0.276) 0.496 0.0008 (0.44,0.553)
300 C 15 0.0002 (1.44,1.563) 15 0.004 (1.374,1.625)
P 1.001 0.0009 (0.904,1.097) 1.002 0.009 (0.811,1.193)

Table (5): Confi

dence bounds of the parameters at confidence level .95 under Type-1 HCS

rj = 60%n],T‘|1 = 5,“2 = 3,r|3 = Z,Vl = .9,V2 = 1.4,V3 =19

n | Parameters
a=5C=15P=1 axa=5C=2P=1
Estimators | Variance | (Lower,Upper) | Estimators | Variance | (Lower,Upper)
o 0.456 0.01 (0.305,0.608) 0.453 0.009 (0.301,0.605)
30 C 1.49 0.045 (1.167,1.818) 1.975 0.07 (1.541,2.41)
P 1.013 0.103 (0.489,1.536) 1.009 0.104 (0.486,1.532)
a 0.483 0.003 (0.385,0.582) 0.487 0.003 (0.388,0.586)
90 C 1.496 0.014 (1.279,1.713) 1.999 0.024 (1.707,2.292)
P 0.993 0.033 (0.657,1.328) 1.002 0.033 (0.664,1.339)
o 0.492 0.002 (0.413,0.57) 0.491 0.002 (0.412,0.569)
150 C 1.499 0.008 (1.325,1.67) 1.99 0.015 (1.766,2.227)
p 1.004 0.019 (0.738,1.27) 1 0.019 (0.734,1.266)
« 0.494 0.001 (0.427,0.561) 0.495 0.001 (0.428,0.592)
210 C 1.499 0.006 (1.351,1.648) 2.003 0.011 (1.804,2.201)
P 1.002 0.014 (0.775,1.229) 1.003 0.014 (0.776,1.23)
o 0.496 0.0008 (0.44,0.553) 0.496 0.0009 (0.439,0.552)
300 C 15 0.004 (1.374,1.625) 1.99 0.007 (1.833,2.166)
P 1.002 0.009 (0.811,1.193) 1.004 0.009 (0.813,1.194)
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Table (6): Confidence bounds of the parameters at confidence level .95 under Type-1 HCS

1 =60%n;,n; =51, =3,n13=2,V; =9V, =14V; =19
n | Parameters @«=5C=15P=1 @=5C=15P=15
Estimators | Variance | (Lower,Upper) | Estimators | Variance | (Lower,Upper)
t 0.456 0.01 (0.305,0.608) 0.485 0.009 (0.305,0.611)
30 c 1.49 0.045 (1.167,1.818) 1.48 0.042 (1.156,1.814)
P 1.013 0.103 (0.489,1.536) 1.49 0.098 (0.967,2.022)
a 0.483 0.003 (0.385,0.582) 0.485 0.003 (0.386,0.584)
90 c 1.496 0.014 (1.279,1.713) 1.48 0.014 (1.28,1.716)
P 0.993 0.033 (0.657,1.328) 1.5 0.034 (1.171,1.844)
« 0.492 0.002 (0.413,0.57) 0.491 0.002 (0.412,0.569)
150 c 1.499 0.008 (1.325,1.67) 1.49 0.008 (1.325,1.671)
P 1.004 0.019 (0.738,1.27) 15 0.019 (1.24,1.771)
t 0.494 0.001 (0.427,0.561) 0.495 0.001 (0.428,0.562)
210 c 1.499 0.006 (1.351,1.648) 1.49 0.005 (1.347,1.643)
P 1.002 0.014 (0.775,1.229) 1.49 0.013 (1.268,1.722)
a 0.496 0.0008 (0.44,0.553) 0.495 0.0009 (0.439,0.551)
300 c 15 0.004 (1.374,1.625) 1.49 0.004 (1.372,1.621)
P 1.002 0.009 (0.811,1.193) 1.49 0.01 (1.302,1.688)

Table (7): Estimated shape parameter and the reliability function at V;; = .5 with Type-1 HCS
1, = 60%n;,m; =5n,=3,13=2,V; =9V, =14,V; =19

a=.25C=15P=1 a=5C=15P=1
30 90 150 210 300 30 90 150 210 300
,é 3.034 | 3.006 |3.006 |3.004|3.006 |3.152 |3.019 |3.031 |3.022 |3.017
u
R, (t)) .99 .99 .99 .99 .99 .89 91 .92 .92 .92

R (t,) .96 97 97 97 .98 .82 .83 .84 .85 .85

u\*2

B (t) -89 .92 .92 92 .92 74 .76 .76 .76 A7
u(ts)

L .78 .80 .81 .81 .81 .65 .67 .67 .67 .68
u( 4)

=)
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Table (8): Estimated shape parameter and the reliability function at V,, = .5 with Type-l HCS

1, = 60%n;,n; =51, =3,n3=2,V; =.9,V, = 1.4,V; = 1.9
a=.5C=1.5P=1 a=.5C=2P=1
30 90 150 | 210 | 300 30 90 150 210 300
B‘u 3.152 | 3.019 |3.031 |3.022 | 3.017 | 4.158 | 4.059 |4.027 |4.038 |4.026
Ru(tﬂ .89 91 .92 .92 .92 .96 97 97 97 97
ﬁu(tz) .82 .83 .84 .85 .85 .92 94 94 .95 .95
R‘u(t3) 74 .76 .76 .76 A7 87 .89 .90 .90 .90
ﬁu(t4) .65 .67 .67 .67 .68 81 .83 .84 .84 .84
Table (9): Estimated shape parameter and the reliability function at V;, = .5 with Type-1 HCS
1, = 60%mn;,n; =5n,=3,13=2,V; =9V, =14,V; =19
a=5C=15P=1 a=.5C=15P=1.5
30 90 150 | 210 | 300 30 90 150 210 300
'éu 3.152 | 3.019 |3.031 | 3.022 | 3.017 | 4.367 |4.324 |4.288 |4.238 |4.242
ﬁu(tl) .89 91 .92 .92 .92 .96 .98 .98 .98 .98
ﬁu(tz) .82 .83 .84 .85 .85 93 .95 .95 .95 .96
ﬁu(tg) 74 .76 .76 .76 e .88 91 .92 .92 .92
ﬁu(t4) .65 .67 .67 .67 .68 .83 .86 87 87 .87
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On Quantile Regression for Dynamic Panel Data Models

, 1
Elhoussainy A. R. Ahmed A.E.? Hossameldin M. A2

Abstract

This paper studies a quantile regression dynamic panel model with fixed
effects. Panel data fixed effects estimators are typically biased in the presence of
lagged dependent variables as regressors. To reduce the dynamic bias, we
review the suggestion of the use of the instrumental variables quantile regression
method of (Chernozhukov & Hansen, 2008) along with lagged regressors as

instruments.

Keywords: Quantile regression, Dynamic panel, fixed effects, Instrumental
variables

1. Overview on Quantile Reqgression (OR)

Quantile regression is a statistical technique able to detect more effects
than conventional procedures: it does not restrict attention to the conditional
mean and therefore it permits to approximate the whole conditional distribution of
a response variable. It mainly aims at estimating conditional quantile of a certain
variable of study given a set of covariates. Therefore, in the presence of

patterned dataset, skewed distributed dataset or outliers, it would be possible to
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figure out the effect of set of independent variables on a certain conditional
guantile of a certain outcome with variant estimates (Chetverikov, et al., 2016)

A breakthrough in regression analysis is the quantile regression approach
proposed by (Koenker & Bassett, 1978). This approach permits estimating
various quantile functions of a conditional distribution, among them the median
(0.5™ quantile) function is a special case. Each quantile regression characterizes
a particular (center or tail) point of the conditional distribution; putting different
guantile regressions together thus provides a more complete description of the
underlying conditional distribution. This analysis is particularly useful when the
conditional distribution is heterogeneous and does not have a “standard” shape,
such as an asymmetric, fat-tailed. (Powell, 1986) studied quantile regressions for
censored data, and (Koenker , 2000) studies Galton, Edgeworth, Frisch, and
prospects for quantile regression in econometrics

Quantile regression has several unique features than other regressions. It
can be utilized for characterizing the whole conditional distribution of a
dependent variable. The estimation is performed by Linear Programming (LP)
which can be considered to be relatively easier than other conventional
estimation methods. It provides a robust measure of location for non-
symmetrically distributed dataset. Quantile regression is relatively able to grant a
more efficient estimator than OLS method when error term normality assumption
is violated. L-estimators (robust estimator based on linear combination of order

statistic to be resistant to outliers) which depend on a linear combination of
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qguantile estimators are relatively more efficient than Least squares estimators

(Portnoy & Lin, 2010)

Quantile regression aims at estimating conditional quantile of a certain
variable of study given a set of regressors. Therefore, in the presence of
patterned dataset, skewed distributed dataset or outliers, it would be possible to
figure out the effect of set of independent variables on a certain conditional
guantile of a certain outcome. That means for a certain varying outcome variable,
several regression lines can be estimated to be the presentation of every quantile

of a dependent variable (Chernozhukov & Fernandez, 2011).

It is able to identify the behavioral effect of different regressors on a
certain variable of study. That would help recognize if there is any change of their
effects at several quantiles or stable effect over the whole distribution

(Chetverikov, et al., 2016)

Conceding that, 8 € [0,1] that would generate several estimated
parameters according to variant values of 6. In other words, at the 6™ quantile,
the coefficient (B, ;) can be interpreted as the amount of change in the variable of
study when a certain regressor changes by a one unit holding the rest of
regressors fixed. That would allow researchers to investigate the effect of a set of
covariates on the variable of interest at several quantiles. Studying the effects on
a dependent variable at several levels of quantile, can indicate whether the effect
is relatively the same cross the quantiles or it is variant which denotes the

different influences on variable of interest at the low quantiles than at the high
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ones. Detecting these effects cross quantiles is a considerably benefited from
utilizing quantile regression.

An estimate for 6" quantile of y can be obtained by minimizing the

sample analoug of population objective function as follows

N
1
Bo = "% - zpe(yi - XiP) (1)
i1

Where =1,2,..,n , {y,,..,y,}is a random sample of response
variable Y, x; is the covariate vectore corresponding to the it* observation,
pg is an indicator function I(.) defined to be 6 for iy, = x;,B and (1 -9) for
iy, <x;[3. B is the estimated parameters at a particular level of 6. The

minimization analog in (1) can be presented in an alternative form to be as

following:
N N
Bo="3| > oly,—xBl+ > A-0)|y,—xBl
i:inx;ﬁ iy < x;B (2)

Wherei =1,2,...,N
In view of (2), the 8" quantile regression estimator of g can be obtained
by minimizing its sample counterpart, i.e., the average of asymmetrically

weighted absolute errors with weight 6 on positive errors (u;:y, > x;ﬁ and weight

(1 — 6) on negative errorsui:yi<x;ﬁ’. Accordingly, LAD is obtained at

6 = 0.5 where the median regression locates. The argument in (2) can also be

defined as
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Bo = argmi; ZP@ i —x'iB) 3)
i=1

where Median estimator (L, ) can be obtained in a certain special

case where 6 = 0.5 which refers to the median estimator.

The function in (2) is minimized several linear programming methods,
which can guarantee to yield a solution in a finite number of iterations. Quantile
regression masters the advantage over OLS. OLS can be inefficient if the errors
are highly non-normal, QR is more robust to non-normal errors and outliers. QR
also provides a richer characterization of the data, permitting considering the
impact of a covariate on the entire distribution of y, not merely its conditional
mean. This non-differentiable function is minimized via the simplex method,
which is guaranteed to yield a solution in a finite number of iterations Invalid

source specified. and (Chetverikov, et al., 2016)

Since the fundamental goal of quantile regression is to estimate the
conditional quantile of a response variable given a set of covariates at certain
quantile of 6 , therefore, the model in (1) can be presented in the form of 6™

conditional quantile of y on a K x 1 vector of covariates x = (1, x4, ..., Xg)

Qe(ylx) =x" B, (4)
That would permit the conditional quantile term in (3) to be re-written

as a conventional econometric model as following:
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y = x’ﬁe + Ug (5)
This model is considered to follow the traditional OLS assumptions.

and the population vector of parameters can be presented as following:

Bo = ™3 Elpg(uglx)]
Or alternatively,
Bo = ™R Elpe(y — x'Blx)] (6)
Within the frame of sample, the minimization argument at 8" quantile for
conditional quantile can be defined in the same sense, given (y;, x;),i = 1,2,...,n
which is a i.i.d sample drawn from a certain population, the vector of parameters

can be defined as following:

n
o 1
Bo = ml;r;l; zpe (ug) (7)
i=1
Or it can be defined within sample frame in an alternative way as following:

n n

~ . 1 U i

Po = "p ” z Hlyi_xiﬂl‘*' Z 1-6) |yi_xi:8|
B y,< x;B

/
iy 2X;

2. Dynamic Panel Data Model with Fixed Effects (DPDFE)

Dynamic panel data (DPD) has increasingly become a main pillar in
several real life applications, especially in Economics field. It provides the
privilege of lagged dependent variable inclusion which permits more explanation

to time invariant nature of several variables of studies. The conventional
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dynamic panel data model would involve a cross section specific effect for a
particular cross section, as a result of that, this time-invariant term would provide

the differential for a specific cross section.

(Galvao, 2011) considered the following DPD-FE model of cross section

units of i = 1,2, ..., N and time periods of t = 1,2, ..., T.
Yie = J(Yie—1, X't His €it)

Yie=0Yy 1+ X'y B+ i+ & 9)
Where Y is the variable of study or response variable, § is the parameter of
lagged dependent variable, and for stationarity purposes, |§| < 1should be
satisfied. X';;is a P— dimensional row vector of continuous time-variant
exogenous variables, fis a P- dimensional column vector of parameters for
exogenous variables. y; represents cross sectional individual specific-effect and
&t IS innovation classical error term and the endogenous lagged dependent
variable Y;;_,. The model in (9) is considered —strictly - to be DPD fixed effect
model if mainly the correlation between individual effect u; and regressors is
present. The model is presented with taking the following assumptions into

consideration:

Assumption (1): across the panels, the error terms are distributed as

gy ~ iid (0,02 )

Assumption (2): the error term observations are not correlated with the

explanatory variables, so exogeneity is present and E (x;; , ;) = 0.
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Assumption (3): the exogenous variables are correlated with the individual

effect, so E(x;.,u;) #0 .

Assumption (4): the error terms are correlated with the lagged endogenous

variable E(y;_1,&:) =0

Assumption (5): across the panels the initial value of Y;; is abstained by

Y, = %+Gi1 , wherei =1,2,..,N, G;; = ¥2_,6™ €,_, and it is in no

correlation with individual specific effect y; .

Least Square Dummy variable (LSDV), within and between groups
estimators are considered to be the main estimation methods for DPD-FE
models. To eliminate the effect of individual effect, the first difference is the
transformation technique that is used in most of early literature. (Nickell, 1981)
showed that wiping this term can be performed by taking difference approach
follows:

Yie = Yieer = 6(Wiem1 — Yieo) + (Xie — Xye B + (i — i) + (&ie — Eie—1)
(10)
AYy = 6 AYjp—q + B AXye + (i — ) + Agyy

Since the individual effect term is time invariant, therefore it will be
removed. As long as the time-invariant individual effect y; is a component in the
functions of variable of study Y;; and Y;;,_, , therefore, Y;;_; is correlated with the
idiosyncratic error term U;; . As a result of that, LSDV would obtain inconsistent
and certainly biased estimators even if error term observations are not in serial

correlation. (Belloni & Chernozhukov, 2011) have also showed that, despite the
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usage of LSDV (FE method), the existence of Y;,_; will maintain the correlation

with the error term observations which would produce a bias of 0(1/T) .

Handling this bias has been extensively studied by (Anderson & Hsiao,
1981). They have provided two main approaches to treat the arising problem of
endogeneity from the differenced term of AY;;_;; they depend on replacing it by a
term which is more correlated with the variable of study and in no correlation with
the error term. They proposed the essential approaches of considering lagged
difference (AY;;_,) and lagged value (Y;;,_,) ofY;;_, as these instruments are in
no correlation with Ag;, . In real life, it is quite hard to find an instrument for the
lagged difference value of dependent variable. (Kiviet, 1995)showed that DPD-
FE models that utilize instrumental variable estimation would suffer from weak

finite sample efficiency and bias of O(N~ T3/2),
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3. Quantile Regression for DPD With Fixed Effects
(ORDPDFE)

The estimation of quantile regression in dynamic panel data with fixed
effects (QRPFE) has a growing literature over the last decade. The presence of
individual effects is based on the assumption that there is a correlation between
cross section-specific effect and regressors. Individual effects can also manage
the hetrogeinty cross the panels. In addition to that, the inclusion of instrumental
variable(s) due to the existence of lagged regressor has become a new
approach. Recall the model in (9), it can be put in concise matrix form as follows:

Y=Zu+ 6Y_ +Xp+ ¢
Z is an incidence matrix which represents the parameters of separate
individuals (N) in the sample of interest, and is obtained by Iy @ [;isaT X 1lisa
ones-vector. u = (u4, ..., uy)" is the N x 1 individual specific effects vector which

represents the intercepts.

The model in (9) can be presented in the frame of quantile regression.
Considering ith individual and tth time period observations and at a particular

level of quantile (8) the model can be as follows:

Qyit(elyit—l Xie) = 6(0) Yieor + X' B(O) + 1y (11)

Both y;;_; and x;; are the only regressors that rely on quantile level

of (8) . And as long as this is a fixed effect model, therefore it permits the
correlation between individual effect and covariates. Some of the variability in the

response variable y;; is interpreted by the inclusion of u’s. Involving them would

Cairo University-Institute of Statistical Studies and Research
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allow more controlling for unobserved heterogeneity that cannot be sufficiently

interpreted by other regressors.

u‘s denote the time-invariant covariate and their parameters represent
pure location shift effect on the variable of study y;; . Panel data would acquire its
important nature from the excess number of cross sections over the length of
given modestly smaller length of periods. In order to that, it would be
considerably difficult, unrealistic and meaningless to estimate 6th distributional
shift u; for each individual, as line might not pass adequately due to the
relatively small time series length. Hence, to avoid this problem, it has been
suggested by (Koenker, 2000) to assume that the estimation of individual effect
is independent from the level of quantile (8). This assumption can be performed
by estimating the model in (11) for several quantiles simultaneously. Based on

(Koenker, 2004), the model in (11) can be presented as follows:

N T
BN papy (Yo = X' B(O) = 6(O)Wion — i) (12)

s=11i=1t=1
Where pg(u) = u(e —I(u< O)) as defined by Koenker and Basset (1978), the
weights p, control the potential relative effect of a given S quantiles (64,65, ... 6s) ,
the selection of the weights and the related quantiles are based on Weighted L-

statistic according to (Mosteller & Tukey, 2002).
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4. Quantile Regression for Dynamic Panel Data with Fixed Effects -
Instrumental Variables Approach (ORDPDFEIV)

In dynamic panel data, the presence of lagged value of dependent

variable will lead to biased estimators would generate biased estimators due to
the correlation between error term and lagged dependent variable. The biased

estimators would result from OLS and QR techniques.

Within the conceptual frame of linear regression estimation, Anderson and
(Hsiao, 1986) and (Arellano & Bond, 1991), provided several IV based-
frameworks that can help provide consistent estimators in DPD models. Based
on that objective, they provided the perspective of utilizing lagged or lagged
differences of the endogenous variables of interest. The exploitation of these
instrument(s) extract its importance from being correlated with their endogenous
variables but not with the innovation term. As a result of that, the bias can be

minimized and obtain more consistent estimators.

The involvement of a particular valid instrument (m;;) in the model as a
part of regressors is the traditional method of estimating a specific parameter(s).
By considering the minimization argument in (12), this frame can be presented as

follows:

> pepe (Y= X'se BO) = 8(O)Yimy = A@)m — 1) (13)

t=1

min
w.6,8,4

s=11
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Where, Y;;_, is a dim (§)-vector of endogenous variable, y; is the FE term,
X';;is a dim (B)-vector of exogenous covariates, m; is a dim (1)-vector of
instrumental variables. And it should be taken into consideration that dim(4) >
dim(8) . The involvement of Y;,_; would generate bias, however, it can be
trimmed by involving IV (m;), that can influence the variable of interestY;, ,
nevertheless it is independent from g;;. In Case of acquiring valid instruments,

therefore they will assist in estimating § and g in a better way.

The lagged or lagged differences values for two time periods or more of
(Y;;)and (X;;)can be probably used to as instruments (m;)to estimate

6 and/or 5.

In real life, one of two main basic techniques is followed. The first
technique is based on running (m;;) — which is/are selected based on the theory-

along with the other covariates to gain the corresponding effects on Yj; .

The second technique depends on estimating (m;;) by using the predicted
values from OLS projection of lagged Y onm and X, which are considered to be

independent from the error term as follows:

Yi- = g(Mit, Xit , Vit) (14)

And then to insert it in the following model:

Yie = 5)7i— + X' By + & (15)
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The two approaches are useful to minimize the bias effect. And they can
be stemmed from the economic theory (inside the model) or can be estimated by

one of the mentioned techniques.

5. Conclusion

We presented the evolvement of applying the quantile regression in
dynamic panel data. In addition to that we reviewed the recent
developments in handling the bias problem in DPDFE models by utilizing
IV approach. This approach is intended to minimize the presence of bias

in DPDFEIV models.
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A note on Markov Models and Chronic Diseases

El-Houssainy A. Rady* Ayman S. Anwar**

Abstract

The paper is concerned with introducing the concept of Markov model
concentrating on its relationship with chronic diseases. An introduction of Markov
models is given in section one, the Hidden Markov model is explained in section 2.
Section 3 is concerned with kidney disease and its stages, Support Vector Machine
classification technique described in section 4.

Keywords: Markov Model, Hidden Markov Model, Chronic Kidney Disease, Data
Mining techniques, Support vector machine.

Introduction

Chronic diseases are often described by stages of severity. Clinical decisions about what
to do are influenced by the stage, whether a patient is progressing, and the rate of
progression.

The stage of disease and rate of progression or regression are important to deciding
whether to treat, how to treat, and how often to monitor a patient. Moreover, knowledge
about transition rates between stages helps patients understand what to expect and
policymakers what to plan.

One approach for analyzing disease stage data is hidden Markov models (HMMs)
(MacDonald and Zucchini 1997, 2009). Unlike ordinary Markov models, HMMs account
for the fact that sometimes the observed disease stages are different from the underlying
disease stages as a result of measurement error.

Institute of Statistical Studies & Research
* Professor of Applied Statistic, Institute of Statistical Studies & Research.
** Corporate MIS Manager, Magrabi Hospitals & Centers.
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Recently, researchers have used continuous-time HMMs to analyze data in a variety of
clinical areas, such as hepatocellular cancer (Kay 1986), HIV progression (Satten and
Longini 1996), and aortic aneurysms (Jackson 2003). However, a continuous-time model
is computationally costly, and may be infeasible if the sample size is large, which is
typically the case with electronic health records (EHR) data. Further, for many studies
there would be no benefit to having finer information about the timing of a measurement
than the calendar date. Discrete-time HMMs are a useful alternative, and have been
developed and applied to a variety of health problems (Shirley et al. 2010; Rabiner 1986;
Jackson and Sharples 2002; Scott 1999; Scott 2002; Scott et al. 2005; Gentleman et al.
1994; Bureau et al. 2000).

While discrete-time HMMs have many desirable features, the estimation of transition
rates typically requires large observational studies with long follow-up times as
transitioning usually occurs over years. The resources required for such studies are often
costly and time prohibitive. Use of longitudinal EHRs data from large primary care
practices offers an alternative means of assembling longitudinal health experience of a
population. Such data have the advantage of having both sufficient follow-up time and

sample size to reliably and accurately estimate these rare transition rates.
1. Markov Models

Markov model is a stochastic model used to model randomly changing systems where it
Is assumed that future states depend only on the present state and not on the sequence of
events that preceded it (that is, it assumes the Markov property). Generally, this
assumption enables reasoning and computation with the model that would otherwise be

intractable.
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Markov chain

It is a stochastic model described as follows: we have a chain of a set of states, S= {s,,
Sy, ......,sp}. the process starts in one of these states and moves successively from one state
to another. Each move is called a step. If the chain is currently in state s, then its moves
to state s, at the next step with a probability pn,, and this probability doesn’t depend on

which state was the chain in before the current state.

The Markov property suggests that the distribution for this variable depends only on the

distribution of the previous state.

Formally, A Markov chain is a sequence of random variables Wy, W,, W3, ... with the
Markov property, namely that, given the present state, the future and past states are

independent.

The components of Markov Chain

e State space denoted by S which is a set of all possible state of the chain
e Transition probabilities denoted by P which is a set of all possible transition

probabilities to move from each state to another state or stay on the same state.

Example-1:

Suppose that a diabetic patient has three stages of disease severity: Normal Stage,
Medium Severity Stage and Critical Severity Stage. Let’s assume for the moment that the

severity of disease doesn’t change during the day.

Disease severity prediction is trying to guess what the stage of disease will be next day
based on a history of observations of disease severity stages., we can express that by the

following probabilities:

Cairo University-Institute of Statistical Studies and Research
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P(Sn\Sh-1,50-2,5n-3, -+ --..,S1) (1)

Using formula (1), we can give probabilities of diabetic severity stages for next day using
n days of history., but the problem here that for large n more statistics must be collected,
if we suppose that n=10, then we have to collect statistics for 3'°=59,049 past histories, so

we will simplify it by using Markov Assumption:
P(Sn\Sh-1,51-2:5n-3, -+ +++-,S1) = P(S,\Sp.1) (2)

Also, we can express the joint probability using the Markov Assumption as follow:
P(S1,52,53, .- - ,Sn) =11 P(si\Si—1) (3)

Let’s arbitrarily pick some numbers for probabilities of next day diabetic severity stage

based on today severity stage (Transition Probabilities P), expressed in table (1)

Table 1. Transition Probabilities for diabetic severity stages

Next day Diabetic Severity Stage
Normal Stage Medium Critical
Severity Stage | Severity Stage

Normal Stage 0.75 0.05 0.2

72 Medium 0.15 0.65 0.2

—‘é‘ S Severity Stage

= QO Critical 0.15 0.3 0.55
Severity Stage
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0.75 0.05 0.2
P = 0.15 0.65 0.2
0.15 0.3 0.55

Figure -1. Diabetic severity stage transition diagram
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1 »
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So, given that today diabetic patient in a normal stage it’s easy compute the Probability

that tomorrow will be also in normal stage and the day after tomorrow will be in a critical

stage as the following: -

P(ss=critical,s;=normal \ s,= normal) = P(ss=critical \ w,=normal , w,;= normal)*
P(s,=normal \ s,= normal)
= P(ss=critical \ s,=normal)*
P(s,=normal \ s;= normal)
= 0.2*0.75
= 0.15

Also, the probability that the diabetic patient on the day after tomorrow will be in a

medium stage given that today severity stage is critical can be computed as follow: -
P (ss=medium \ s;= critical) = P (ss=medium, s,=critical \ s;= critical) +
P (s3= medium, s,= medium \ s;= critical) +

P (ss= medium, s,=normal \ s,;= critical) +
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= P (s3= medium \ s,= critical) P (s,= critical\ s;=

critical) +

P (ss=medium\ s,= medium) P (s,= medium\
s;=critical) +

P (s3= medium \ s,= normal) P (s,= normal \ s;=
critical)

= 0.3*0.55 + 0.65*0.3 + 0.05*0.15
= 0.165+ 0.195+ 0.0075
= 0.3675

It can be also computed directly by calculate P @

0.75 0.05 0.2 0.75 0.05 0.2
p@ = 0.15 0.65 0.2 |*[0.15 065 0.2
0.15 0.3 0.55 0.15 0.3 0.55
0.6 0.13 0.27
= 0.24  0.49 0.27
0.24 0.3675 0.3925
p® = 0.3675

critical medium

Absorbing Markov Chains

A State s; of a Markov chain is called absorbing if it is impossible to leave it (i.e., pii =
1)., A Markov Chain is absorbing if it has at least one absorbing state, and if from every
state it’s possible to go to an absorbing state within one or more step., also other non-

absorbing states called transient.
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Example — 2

Once the patient has clinical diabetic kidney disease, he can either remain in that health
state or progress to higher stage kidney disease. Once the patient has contracted
preliminary diabetic kidney disease, the model assumes he cannot be cured of it.
Therefore, the patient either progresses to the clinical stage or remains in the preliminary

stage. The following is a sample data of diabetic kidney disease transition probability

matrix
Table 2. Transition Probabilities matrix for CKD stages
Stage 1 | Stage | Stage 3 | Stage 4 | Stage 5
2
Stagel | 0.93 0.06 0 0 0.01
Stage 2 0 0.85 0.12 0 0.03
Stage 3 0 0 0.75 0.15 0.10
Stage 4 0 0 0 0.65 0.35
Stage 5 0 0 0 0 1
0.93 0.06 0 0 0.01
0 0.85 0.12 0 0.03
P = 0 0 0.75 0.15 0.10
0 0 0 0.65 0.35

0 0 0 0 1

on that Case Stage 5 is absorbing State., Stage 2,..,Stage 4 are transient.
On such case (absorbing chains) it’s interesting to determine the following: -
e What is the probability that the process will reach an absorbing state?

e What is the probability that the process will end up in a certain absorbing state?

e How long the process will take in average to be absorbed?
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e How many times on average the process will be in each transient state?

Canonical Form
By reordering the transition probability matrix so that transient states come first and

absorbing states on the next will get the following canonical form

TRN R
ABS

Where: -

Q: is an t,t matrix, tisno of transient states.

R: 1s a none zero t,r matrix, r is no of absorbing states.
0: 1S an ryt zero matrix.

I: is an r,r identity matrix.
Fundamental Matrix

Definition (1) For an absorbing Markov chain P, the matrix F = (1 — Q)™ is called the
fundamental matrix for P and the entry n;; of F gives the expected number of times that

the process is in the transient state s; if it is started in the transient state s;.

1/093 006 O 0 | 0.01
2 0 085 012 0 | 0.03
P (Canonical form) =3| 0 0 .75 0.15| 0.10
0 0 0 065 035
0 0 0 0 1

SIS

Cairo University-Institute of Statistical Studies and Research

23



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

10 0 0 093 006 0 0 \1*!
F _[fo 1 0 0 0 085 012 0
00 1 0 0 0 075 0.15
00 0 1 0 0 0 0.65
2 /143 57 2.7 1.2
~ 3/ 0 67 32 13
4\ 0 0 4 17
50 0 0 29

Time to Absorption

The Sum for all entries in the i™ row of F gives total expected number of times in any of
transient states for a given starting state s; which mean that, the expected time required
before the chain being absorbed., Generally it can be computed as follow:

t=Fc
where: -

t : column vector whose entries represent the expected time before the chain is absorbed
given all possible starting states.

F : Represent fundamental matrix.

¢ : 1s a column vector all of whose rows are 1

2 /143 57 27 12\ /1 23.9
. _3[ 0o 67 32 13|[1)_ (112
4\ 0o 0o 4 17[{1 5.7
5\0 0 0 29/\1 2.8
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2. Hidden Markov Model
A hidden Markov model (HMM) is a statistical Markov model in which the system being

modeled is assumed to be a Markov process with unobserved (hidden) states. The
mathematics behind the HMM was developed by L. E. Baum and coworkers 1966. It is
closely related to an earlier work on the optimal nonlinear filtering problem by Ruslan L.

Stratonovich 1960, who was the first to describe the forward-backward procedure.

In simple Markov models (like a Markov chain), the state is directly visible to the
observer, and therefore the state transition probabilities are the only parameters. In a
hidden Markov model, the state is not directly visible, but output, dependent on the state,
is visible. Each state has a probability distribution over the possible output tokens.
Therefore, the sequence of tokens generated by an HMM gives some information about
the sequence of states. Note that the adjective 'hidden’ refers to the state sequence through
which the model passes, not to the parameters of the model; the model is still referred to

as a 'hidden' Markov model even if these parameters are known exactly.

Hidden Markov models are especially known for their application in temporal pattern
recognition such as speech, handwriting, gesture recognition, part-of-speech tagging,

musical score following, partial discharges and bioinformatics.

A hidden Markov model can be considered a generalization of a mixture model where the
hidden variables, which control the mixture component to be selected for each

observation, are related through a Markov process rather than independent of each other.

In its discrete form, a hidden Markov process can be visualized as a generalization of the
Urn problem with replacement (where each item from the urn is returned to the original

urn before the next step).
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Example-3

Recall Example-1 and suppose that physician who follow-up diabetic patients is just
come back from vacation, and he were asked about the stage of diabetic severity for
examined patient. The only piece of evidence he has is the examined patient face status is

it pale or not.

Let’s assume the following probabilities: -

Table 3. Emission probabilities for seeing a pale face

Probability of pale face
Normal Stage 0.1
Medium Stage 0.3
Critical Stage 0.8

Now we have to factor in the fact that the actual severity stage for the examined patient is
hidden from him. We do that by using Bayes’ Rule:

Where wu; is true if the examined patient has a pale face on a day i, and false if the
examined patient hasn’t. the probability P(sy,s,, ... ... ,S,) is same as the Markov model
from the last section, and the probability P(uy,u,, ... ... ,U,) is the prior probability of
seeing a particular sequence of pale face events e.g. {true, false, true}. The probability
P(uq,uy, ... ... U \S1, Sp) wer e ,Sp) can be estimated as [[/-, P(u;\s;) , if all i, given s;,u;

is independent of all u;and s; , for all j#i.

Suppose that the patient severity stage was in Normal stage; the examined patient had a

pale face on day 2, but not on day 3. Assuming that the prior probability that the

Cairo University-Institute of Statistical Studies and Research

26



The 52™ Annual Conference on Statistics, Computer Sciences and Operation Research 25-27 Dec,2017

examined patient has pale face is 0.5 then the probability that the disease severity stage is
critical in day 3 can be computed as follow: -

P(s3=C\s; = N,u, =T,u; =F) = P(s, = critical, s; = critical\s, =
normal,u, = True,u; = False)

+P (s, = medium, s; = critical\s, = normal,u, =
True,u; = False)

+ P(s, = normal, s; = critical\s, = normal,u, =
True,u; = False)

— P(u3=F\s3=C)P(uy=T\s,=C)P(s3=C\5,=C)P(s,=C\s;=N)P(s1=N) +
P(U3=F)P(U.2=T)P(51=N)

P(u3=F\s3=C)P(u;=T\s=M)P(s3=C\s=M)P(s,=C\s;=N)P(s;=N) +
P(uzg=F)P(uz=T)P(s1=N)

P(u3 ZF\53 :C)P(HZZT\SZZN)P(Sg :C\SZZN)P(SZ :N\SlzN)P(SlzN) +
P(u3=F)P(uz=T)P(s1=N)

_ (0(03)(0.55)(0.2) . (0.7)(0:8)(0:2)(0.05) | (0.7)(0:1)(0.2)(0.75)
B (0.5)(0.5) (0.5)(0.5) (0.5)(0.5)

=0.1568

3. Chronic Kidney Disease (CKD)

Chronic kidney disease (CKD) is one of a growing health problem worldwide. It is a
progressive disease associated with a high risk of cardiovascular diseases, mortality and
morbidity rates, and high health care costs. Therefore, early detection of the disease to
control and manage the consequences is highly significance., Because of the dynamic
nature of CKD, its covert nature in the early stages, and heterogeneity of patients,

predicting the CKD progression with reasonable accuracy is necessary.

CKD progression can be considered as a function of various parameters including
underlying renal diseases, blood pressure, hypertension, proteinuria, and age., Early

diagnosis of the CKD are takes great attention among physicians, especially on
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determining the appropriate time to apply medical treatments and to control identified
risk factors that reflect on the disease progression to End Stage Renal Disease (ESRD)

like hypertension, proteinuria, and hyperphosphatemia.

Stages of Chronic Kidney Disease

The stages of CKD (Chronic Kidney Disease) are mainly based on measured or
estimated GFR (Glomerular Filtration Rate), there are five stages, but kidney function is

normal in Stage 1, and minimally reduced in Stage 2.

The KDOQI (Kidney Disease Outcomes Quality Initiative) stages of kidney disease are:

Table 4. CKD Stages according to GFR measurement value

Stage | GFR Description Treatment stage

1 90+ Normal kidney function but urine | Observation, control of
findings or structural abnormalities or | blood pressure.
genetic trait point to kidney disease

2 60-89 Mildly reduced kidney function, and | Observation, control of
other findings (as for stage 1) point to | blood pressure and risk
kidney disease factors.

3A 45-59 Moderately reduced kidney function Observation, control of

3B 30-44 blood pressure and risk

factors.

4 15-29 Severely reduced kidney function Planning for end stage

renal failure.

5 <15 or on | Very severe, or end stage kidney failure | Treatment choices.

dialysis (sometimes call established renal failure)
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Definition of chronic: Labelling someone as having CKD requires two samples at least

90 days apart. Historical values can be used.

eGFR is estimated Glomerular Filtration Rate, usually based on serum Creatinine level,
age, sex, and race. The most widely used method for this is the abbreviated MDRD
(Modification of Diet in Renal Disease) equation, as it has proved the most robust and

accurate. Normal GFR is approximately 100mls/min/1.73m?.

eGFR = 186 x (Creatinine / 88.4)™** x (Age) **® x (0.742 if female) x (1.210 if black)

4. Support Vector Machine (SVM)

Data mining is the process of extracting hidden information from the large dataset. Data
mining techniques are used in various applications like fault diagnosis, anomaly
detection, medical diagnosis, e-mail filtering, face recognition and oil spill detection.
Data mining techniques such as classification, clustering and association rule etc. plays a
great role in extracting unknown knowledge from the databases. Classification is a data
mining technique used to predict group membership for data instances., the algorithm
processes a training set containing a set of attributes and the respective outcome, usually
called goal or prediction attribute., one of data mining Techniques is Support Vector
Machine.,

SVM is a method for the classification of both linear and nonlinear data., SVM is an
algorithm that works as follows. It uses a nonlinear mapping to renovate the unique
training data into a higher dimension. Surrounded by this new dimension, it examines for
the linear optimal separating hyperplane i.e., a “decision boundary” sorting out the tuples
of one class from another. With a suitable nonlinear mapping to a necessarily high
dimension, data from two classes can always be separated by a hyperplane. The SVM
finds the hyperplane using support vectors and margins. Although the training time of

even the fastest SVMs can be exceedingly slow, they are extremely accurate, outstanding
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to their ability to model complex nonlinear decision boundaries. They are much less
prone to over fitting than other methods. The Support vectors initiate also provide a
compact description of the learned model. SVMs can be used for prediction along with
classification. They have been applied to a several areas, including handwritten digit
recognition, object recognition, and speaker identification and benchmark time-series

prediction tests.

5. Conclusion
More work and research still in progress to formalize a new approach to estimate and
predict chronic kidney disease stage transition rates using the Hidden Markov Model and
Support Vector Machine Data Mining technique which will support physicians &

policymaker in their medical & economical decisions
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Subset Selection in Multiple Linear Regression (Review)

Ahmed Amin EI-Sheikh® Asmaa Mohamad Wahba™**
Abstract:

This paper provides a brief review of subset selection criteria, in
particular stepwise criterion, expected mean squared prediction error criterion,
distance between predicted values based on the full model and predicted values
based on the sub model criterion, Kullback’s discrepancy criterion, The L0ss
Rank Principle (LoRP) criterion, and other Criteria.

Keywords: EMSE, Multiple Linear Regression, Stepwise, Subset Selection.

1. Introduction:

Subset selection is one of the most fundamental problems in statistical
applications, it appears with the need to model the relationship between
variable of interest and a set of explanatory variables, and then there is an
urgent need to answer the following question; which variables will be selected
to enter the model among competing explanatory variables.

Suppose Y is a variable of interest, and Xj, ..., X, is a set of prospective
explanatory variables, the problem of variable selection, or subset selection as
it is often called, arises when one wants to model the relationship between Y
and a subset of X;, ..., X, but there is uncertainty about which subset to use.
Such a situation is particularly of interest when k is large and X, ..., X} is
thought to contain many redundant or irrelevant variables.

The problem of subset selection lies in how to choose the variables
which construct the “best” model among the alternative models. Over the
decades, scientists have investigated an assortment of statistical approaches to
select among alternative models (the number of possible subsets of one or more
variables out of k is (2%-1). Miller (1990)
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2. Stepwise criterion:

Some of the most popular methods are forward selection, stepwise
regression and backward elimination. Forward selection method starts with a
model that has just a constant in it. Next, choose the variable that satisfies the
criteria (e.g. R? p value, actual F change, etc) that has been set for entry. The
following step are to choose from remaining variable the variable that meets
the entry criteria, keeping doing this until there are no variables that meet the
entry criteria. On the contrary, backward elimination starts with all variables,
including a constant if there is one. The variable which meets the elimination
criteria is chosen for deletion. In each step, all the variable in the models have
been evaluated, then remove the one that meet the elimination criteria. This
process will be stopped when there are no more variables that meet the criteria

for removal. Norusis (2006)

Stepwise regression is used to mean Efroymson’s algorithm which
proposed by Efroymson in 1960. This method differs from forward selection in
that after each added variable to the set of selected variables, a test is made to

see if any of the previously selected variables can be deleted. Miller (1990).

In spite of the fact that the forward selection, stepwise regression and
backward elimination methods are remaining popular in many computer
software packages, there are many critiques to these methods. Of which, there
IS no guarantee that the final model is the optimal one. In addition, the
procedure reaches to a single final model, although in some cases there are

several good models.

3. Expected mean squared prediction error criterion:

Some popular subset selection methods are based on estimating the
predictive ability of each model. The predictive ability of the model could be

measured by the expected mean squared prediction error i.e.,
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EMSE(Mj) = E(Ynew - ynew)2

Where y,..., 1S randomly selected new data from population and ¥, is the

prediction for y,.,, generated by model M;.

By Estimating EMSE for all possible models and choosing the model that
has the smallest EMSE . Although it is difficult to Estimate EMSE because the
data about the all possible samples is not available, many studies tried to
present an unbiased estimate of EMSE. John, et al. (2005)

Mallows (1973) investigated an unbiased estimate of EMSE and
recommended the use of C, plots to help gauge subset selection for p

explanatory variables, this statistic is defined as:

¢, =(=32) —n+2p

Where RSS,, is the residual sum of squares for the subset model containing
p explanatory variables including the intercept (i.e., the number of parameters
in the subset model), 2 is an estimate of the error variance . The mean-
square error (MSE) from the full model is often used as the estimate of 62. S0
62 = MSE for the full model (full model means the model containing all
explanatory variables of interest counting the intercept), n is the number of
observations. Usually c, is plotted against p for the collection of subset models.
Acceptable models in the sense of minimizing the total bias of the predicted

values are those models for which C, approaches the value p. (i.e., those subset

models that fall near the line C, = p in the plot).

Kobayashi and Sakata (1990) illustrated that subset selection using
Mallows C,, is biased. This is because in some cases the probability of selecting
one from two linear models is not equal. As Mallows C,, criterion gives greater
selecting probability to the simpler model from two nested models equal in
mean square predicted error. Kobayashi and Sakata presented a bias correction

of the Mallows C,, by suggesting a critical value for statistical test. This test is
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requested only in the case if the two models equals in Mallows C, or the

difference of Mallows C, statistics is less than one in absolute value.

Ronchetti and Staudte (1994) modified a robust version of

Mallows's C,, for regression models. It is defined by
Wp
RC, ==~ (Up — Vp)

Where Wp is a weighted residual sum of squares computed from a
robust fit of model with p independents, 52 is a robust and consistent estimator
of o2 in the full model, and Up and Vp are constants depending on the weight
function and the number of parameters in model p. The robust model selection
procedure based on RC,, allows choosing the models that fit the majority of the
data by taking into account the presence of outliers and possible departures

from the normality assumption on the error distribution.

Gilmour (1996) indicated that if the MSE from the full model is used to

RSSp
62

estimate o7, the distribution of ( ) can be obtained and gives an expected

value of C, which is not p. Moreover, Gilmour (1996) cited the words of Myers
(1992) who said “Since the residual mean square for the complete model need
not be the smallest estimate of ° among those for the candidate models, it is

quite possible that the equation will yield a C, < p for a few of the candidate
models”. So Gilmour suggested an adjustment to C,,. The motivated criterion is
called C, , an adjusted C, has the property that if the estimate of o comes

from the full mode E(C,) =p.

_ 20k —p +1)
Cp = Cp n—k—3

Where k is a total number of candidate regressors.
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Sommer and Huggins (1996) suggested a criterion based on the Wald test
statistic and is defined by T, . The selected submodels is the model that have
Tp -values close to or smaller than p, and, as with Mallows's C,, they will be

selected by graphical rather than stepwise methods.
TP = WP - k + Zp

where Wp is the Wald statistic for testing whether the coefficients of the
variables not in the submodel are= 0 , k and p are the numbers of parameters

in the full and submodel respectively.

As Tpis equivalent to C,, in least squares linear regression, it may not be
reliable in the presence of outliers. . Sommer and Huggins suggested a robust
version of T, (RT,), based on generalized M-estimator. RT, need less

computational time than RC,, because the weights are determined from the full

model only. Furthermore, RTp,and T, do not need to define residuals like Cp,.

4. Distance between predicted values based on the full model Y, and

predicted values based on the sub model ?p criterion:

Kashid and Kulkarni (2002) investigated a more general criterion
called Sp criterion, for subset selection in the multiple linear regression models.
Sp-criterion is unlike the subset selection methods which are based on the Least
Squares (LS) Estimator. If the data contain an influential (outlier) observation
or the distribution of the error variable is not normality, the LS estimator
performs ‘poorly’ and hence a method based on this estimator (for example,
Mallows’ Cp-criterion) tends to select a ‘wrong’ subset. Sp-criterion
overcomes this problem and it can be used with any type of estimator (either
the LS estimator or any robust estimator).
Zin=1(?ik - ?ip)z

0—2

Sp = - (k - Zp);

Y. the vector of predicted values based on the full model and ?ip the vector of

predicted values based on submodel, o%the variance of the error.
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Sp statistic is calculated for every model (for all possible values of p)
and select the subset for which the corresponding value of Sp is approximately
equal to p. the graph of the values of Sp against p will help in selecting a better
subset.

Kashid and Kulkarni (2003) suggested a subset selection criterion in a
multiple linear regression model in case if the distribution of error variable is
heavy tailed. The motivated criterion called Np-criterion, and based on the
nonparametric estimator of regression coefficients. It is explained that the
performance of Np-criterion is better than RCp and Cp irrespective of the type

of underlying distribution. Moreover Np is robust to outliers.

-~ -~ 2
n (g, — Y.
e = 2l = ) ap,

Y, the vector of predicted values based on the full model and ?ip the
vector of predicted values based on sub model, The scale parameter t is
similar to o in the least square regression. T measures the variability in the

distribution of errors in non-parametric regression.

Dorugade and Kashid (2010 a ) motivated a method called Rp-
criterion. The authors used the method of ridge regression to estimate the
model parameter. The study assumed that there is a problem of
multicollinearity in the data. Rp- criterion is defined as:

Z?:l(?ik - ?ip)z
0-2

Ry = — tr( HgHg) + tr( HppHgp) + P

Where Hy and Hg, are the hat matrices for the the full model and the sub
model respectively, and defined as follows: Hy = X(XX +rI)™* X |, Hg, =
X,(X,X, + )7 X, , and X, is an n X p matrix of the observations on p-1

predictors.
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The procedure of Rp- criterion is beginning with computing the value
of statistic for all possible subset models. Then select a subset of minimum
size, for which the value of the statistic is close to ‘p’ or plot the values of
statistic Rp vs. ‘p’ for all possible subset models and select the subset which is
closer to the line i.e. R, statistic = P.

Dorugade and Kashid (2010 b) proposed a new subset selection
method called GRp- criterion. They have used a various bias constant
determination methods proposed by the researchers for the generalized ridge
regression. GRp- criterion is defined as:

o1 (P — ¥ip)?

GRP = 0_2

—tr (I:IGRHGR) + tr (HRAHRA) + P

Where, H;r and Hg, denote the prediction matrix for the full model
and subset model respectively based on the generalized ridge estimator.

One of an important advantage of the proposed method is that it can be used
with least squares estimator or generalized ridge estimator of g without any
modification in the proposed statistic.

Jadhav et al. (2014) developed a generalized version of Sp statistic for
subset selection in the presence of outlier and multicollinearity. The
performance of the proposed method is considerably better as compare to some
alternative methods when the outlier observations and multicollinearity occur
simultaneously in the data.
?=1(Yik - ?ip)

0-2
Where, H and H; denote the prediction matrix for the full model and

2
GSP =

—tr[(H—H,) (H—-Hy)]+p,

subset model respectively based on the Jackknifed Ridge M-estimator.
GSp statistic is calculated for every model (for all possible values of p), then
select the subset for which the corresponding value of GSpis approximately

equal to p.
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5. Kullback’s discrepancy criterion:

Some subset selection techniques depended on “Kullback’s discrepancy” to
measure the discrepancy between the unknown true likelihood function and a
model- specific likelihood function. Kullback—Leibler (K-L) information or
distance, The K-L distance has also been called the K-L discrepancy,
divergence, information, and number (Kullback,1987 preferred the term

discrimination information).

In terms of a probability distribution the full reality or truth model which we
want to make inferences and an approximating model is noted f and g
respectively. Kullback—Leibler information or distance between full reality or
truth model and an approximating model is defined for continuous functions as

the (usually multi-dimensional) integral.

f(x)
I(f,g) = ]f(x) log (M) dx,

We use the notation f(x) to denote that integration is over the variable x , and
use 0 to represent generally a parameter or vector of parameters. Thus the
notation g(x|0) is refers to the estimated models have specific parameter values
from ML or LS estimation based on the given data and model. log denotes the
natural logarithm. The notation I (f, g) denotes the “Information lost when g is
used to approximate f.”” Also, I (f, g) is the distance from g to f. Burnham and
Anderson (2002)

Akaike (1974) demonstrated a procedure called Akaike information
criterion AIC. AIC is an estimate of relative, expected K-L information

between a fitted model and the true model. (AIC) and defined by:
AIC = —2log(L) + 2k

Where, L is the maximum likelihood estimates of the parameters, and k is
the number of parameters within the model. AIC is calculated for a set of

candidate models, and then choose the mode that has the least AIC value.
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It should be noted that even if all candidate models are poor, AIC will select
one to be the best. Thus choosing the model using AIC doesn’t mean that the
chosen model is will defined but it is the best among candidate models.
Moreover AIC should not used to compare models from different data sets,
because the inference is conditional on the given data set. AIC may perform
poorly in small sample (when the sample size is small with respect to the

number of estimated parameters). Burnham and Anderson (2002)

Schwarz (1978) introduced a procedure depended on Bayesian context
Bayesian information criteria (BIC) (sometimes called Schwarz’s information
criterion (SIC)). From a Bayesian perspective, BIC is designed to find the most

probable model given the data.
BIC = —2log(L)+ klog(n)

It is noted that BIC differs from AIC only in the second term which depends
here on sample size n. Models that minimize the Bayesian Information Criteria
are selected. [see Acquah (2010)]

Sugiura (1978) developed a version of AIC by modified the bias and
obtained the criterion denoted by correct AIC (C- AIC).

C- AIC = (=2) log(L) + 224D

n-m-2
Where m is the rank of the designed matrix.

Hurvich and Tsai (1989) developed a version of AIC that is applicable to
the small sample size relation to the number of estimated parameters. They
presented a small-sample bias adjustment, and introduced a modification that
led to AIC, criterion.

n
AICC = (—2) IOg(L) + ka
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Konishi and Kitagawa (1996) proposed a subset selection criteria
called Generalised information criteria (GIC). GIC is derived from the
information-theoretic in the context of functional statistics without the
assumption that the specified family of probability distributions contains the
true structure generating the data. The proposed criteria is not restricted to
maximum likelihood estimation but may be applied to the evaluation of models
constructed by a different of methods, unlike AIC dealing models estimated by

the maximum likelihood methods.
n
. 1 . 1 ~
GIC(Xy; G) = (—2n) {;2 logf (X | 8) = ~b1(&)
i=1

Where X,, is a random sample of size n from an unknown distribution
G(x). 0 is a p-dimensional vector of unknown parameters. b,(G) is a bias
estimate obtained by replacing the unknown distribution G by the empirical

distribution G

Bengtsson and Cavanaugh (2006) modified the Akaike information
criterion and introduced AIC; that can be used in the broad framework of the
linear state-space model. The subscript i denoted to “improved". The results

indicated that AIC; estimates is less bias than traditional AIC or corrected AIC.
AIC; = =21og(L) + Br(k, 65)

Br(k,©,) is an approximation for bias and obtained by Monte Carlo

simulation using a conveniently chosen simulation parameter 6,

Jayakumar and Sulthan (2014) explained how the multicollinearity
affected estimation using least square method and how it affected the model
selection decision. The authors presented multicollinearity corrected version of
generalized information criteria called modified generalized information
criteria (MGIC) to select a best model among the various candidate models.
The correction was by exchange the inflated error variance by un-inflated error

variance of a model. The generalized information criterion is given as:
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MGIC = nlog(6%np@)) + f(n, k)
Where 6%y is the inflated estimate of population error variance

which is inflated by the variance inflation factor (VIF). f(n,k) is the penalty

function.

6. The Loss Rank Principle (LoRP) criterion:

Hutter (2007) proposed a modern criterion called The Loss Rank
Principle (LoRP). Supset selection according to LoRP is through applying the
following rule:

Given a class of linear models the best model is the one with the

smallest loss rank i.e. the smallest MPest
best . n 1
MP¢t = argmin {E log(y S, y) — 5 logdetS,},

Where symbol refers to both model and regression matrices, I is the
identity matrix, and S, = (I, — M)T(I,, — M) + al , where M is a projection
matrix and a > 0 is a small number to be determined. (Hutter and Tran, 2010)
discussed the optimality Properties of LoRP for Variable Selection.

Tran (2011) proposed a LR criterion, for selecting shrinkage parameters
for variable selection purposes. a LR criterion is derived from the loss rank
principle (LoRP), that was introduced by Hutter (2007) and Hutter & Tran
(2010). The model that has the lowest LR criterion is chosen as a best model.

LR, = - logllyll* — EKL((d—fx |1 B pk)

n

Wherea A is a certain shrinkage parameter, df, equal the number of
non-zero coefficients, and KL is the Kullback—Leibler divergence between the
Bernoulli distributions with parameters p, g € (0, 1). py = ||y —)75/1||2/||y||2
and y, The fitted vector under the sub model. When A increases from 0 to

infinity, the number of non-zero coefficients will be a non-increasing step

function i.e. the covariates are in turn removed from the models.
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7 Other Criteria:

Greenberg and Parks (1997) provided a subset selection method based
on predictive approach. The least square method is used to estimate the linear
regression coefficients.

The effect of including X on the predictive covariance matrix is
measured by generalized variance ratio (GVR). GVR is defined as the ratio of
determinants of covariance matrices when a subset of explanatory variables is

included or excluded from a regression.

_ lcov(y,lXo1)l
lcov(yolXo)l
Where cov(y,|X,,) is the covariance matrix from the partial model. While,

GVR

cov(y,ylX,) is the covariance matrix from the full model.
Andre et al. (2000) modified the robust coefficient of determination for
minimum sum of absolute errors MSAE regression.
R = RSR/(RSR + (n — p)G/2),
where RSR is the reduction in the sum of absolute residuals when P-1

independent variables included in the model i.e

n n
RSR = ) |y = Bo| = ) Iyi 3l
i=1 i=1

and 6 = SAR/n , where SAR is the sum of absolute residuals.

Muller and Welsh (2005) investigated a method for subset selection
based on combining a robust penalized criterion and a robust conditional
expected prediction loss function that is estimated using a stratified bootstrap.
The model selection method is consistent under some conditions.

Sakate and Kashid (2014) proposed a model selection criterion based
on deviance called the deviance-based criterion (DBC). DBC is gotten by
penalizing the difference between the fitted model and the full model. Under
some conditions, DBC is appeared to be a consistent model selection criterion.
The selected model asymptotically equals the optimal model relating dependant

and independent variables.
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Estimation of Unbalanced Panel Data

Elhoussainy A. R. Ahmed A.E. 2 Aya. M. A°

Abstract  Panel data set is one of the most important kinds of data
sets now days because its help the researcher to look at dynamic
relationships and that would not be happened with a single cross
section and time series. In this paper the unbalanced panel data
approach will be presented and literature review about unbalanced

Panel data models will be presented.

Key words Fixed Effect, Random Effect, and Unbalanced Panel data.

1. INTRODUCTION

Panel data includes both diminutions of time and cross section.
The time dimension in panel data is represented in the observations
collected over time periods on each individual. So this kind of data
provid rich sources of information about the economy. Missing
values in Panel data sets is very common problem facing the
researchers in analyzing Panel data, this problem leads to
unbalanced panels. While the nature of these unbalanced panels
doesn't affect applicability of many commonly used estimators (such
as Fixed Effect or Random Effect estimator), but this is not true for

all estimators.
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2. MODEL
Yie = X + €5t , t=12..,T , i=12..,N

Where €Eir = Ui + Ui

e y,;; Denotes the dependent variables

e [ Denotes regression coefficient

e x;; Denotes the independent variables

e u; denotes the individual error for the cross section

e u;; Denotes the classical error term.

The difference between Random and Fixed Effect models is:
o E(uix;s) = E(uixis) =0 (Random Effect Model)
e E(uixis) # 0,E(u;x;s) =0 (Fixed Effect Model)
3. Review of Unbalanced Panel Data Model

In this section literature review for unbalanced panel data will be

presented

3.1 Fixed Effect Models

Alev, et al (2011) developed a semi-parametric panel model to
explain the trend in UK temperatures and other weather outcomes over
the last century. They used the monthly averaged maximum and
minimum temperatures observed at the twenty-six Meteorological Office
stations. The data is an unbalanced panel. They allowed the trend to
evolve in a nonparametric way so that they obtained a fuller picture of

the evolution of common temperature in the medium timescale.
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Jason (2012) proposed the Chamberlain projection approach, it is a
powerful tool for the analysis of linear fixed-effects models, was
introduced within the context of balanced panels. He proposed the
Chamberlain projection approach to unbalanced panels. The extension
is especially useful for models with sequential exogeneity, where
existing control-variable approaches are not applicable. A generalized
method of moments (GMM) estimation framework is considered, and
hypothesis tests (testing strict exogeneity, testing random effects, etc.)

are discussed within the GMM context.

Jianhua, et al (2012) proposed missing data in longitudinal studies can
create enormous challenges in data analysis when coupled with the
positive-definiteness constraint on a covariance matrix. For complete
balanced data, the Cholesky decomposition of a covariance matrix
makes it possible to remove the positive-definiteness constraint and use
a generalized linear model setup to jointly model the mean and
covariance using covariates. Kristiaan and Ignace (2014) explored the
effect of balancing unbalanced panel data when estimating primal
productivity indices using non-parametric frontier estimators. First, they
listed a series of pseudo-solutions aimed at making an unbalanced
panel balanced. Then, they discussed some intermediate solutions
(e.g., balancing 2-years by 2 years). Furthermore, they linked this
problem with a variety of literatures on infeasibilities, statistical inference
of non-parametric frontier estimators, and the index theory literature

focusing on the dynamics of entry and exit in industries.

Wei, et al (2014) introduced “Planned missing designs” they became
increasingly popular, but because there is no consensus on how to
iImplement them in panel data research, they simulated panel data to

distinguish between strategies of assigning items to forms and of
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assigning forms to participants across measurement occasions. Using
relative efficiency as the criterion, results indicate that balanced item
assignment coupled with assigning different forms over time most often

yields the optimal assignment method, but only if variables are reliable.

3.2 Random Effect Models

Jinhong and Xian (2008) proposed the estimation of the unbalanced
panel data partially linear models with a one-way error components
structure. A weighted semiparametric least squares estimator (WSLSE)
is developed using polynomial spline approximation and least squares.
They showed that the WSLSE is asymptotically more efficient than the
corresponding unweighted estimator for both parametric and
nonparametric components of the model.

Boris (2009) extended the (Least Squares Dummy Variables) LSDV
bias-corrected estimator in (Bun and Carree, 2005) to unbalanced
panels and discusses the analytic method of obtaining the solution.
Using a Monte Carlo approach, he compressed the performance of this
estimator with three other available techniques for dynamic panel data

models.

Jeffrey (2009) proposed some strategies for allowing unobserved
heterogeneity to be correlated with observed covariates and sample
selection for unbalanced panels. The methods are extensions of the
Chamberlain-Mundlak approach for balanced panels. Even for nonlinear
models, in many cases the estimators can be implemented using
standard software. The framework suggests straightforward tests of
correlation between heterogeneity and the covariates, as well as

sample selection that is correlated with unobserved shocks while
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allowing selection to be correlated with the observed covariates and

unobserved heterogeneity.

David (2010) proposed a simple analytical approach for constructing
one-sided [-content, y confidence tolerance limits is proposed for
general random effects models with normal data in both balanced and
unbalanced data scenarios. The approach is based on an
approximation to the noncentral t distribution and modified large sample
methods for constructing confidence bounds on functions of variance

components. An alternative bootstrap-adjusted limit is also proposed.

Jun, et al (2010) introduced panel data with covariate measurement error
appear frequently in various studies. Due to the sampling design and/or
missing data, panel data are often unbalanced in the sense that panels
have different sizes. For balanced panel data (i.e., panels having the
same size), there exists a generalized method of moments (GMM)
approach for adjusting covariate measurement error, which does not
require additional validation data. They extended the GMM approach of
adjusting covariate measurement error to unbalanced panel data. Two
health related longitudinal surveys are used to illustrate the

implementation of the proposed method.

Erik (2013) proposed a system of regression equations for analyzing
panel data with random heterogeneity in intercepts and coefficients, and
unbalanced panel data is considered. A maximum likelihood (ML)
procedure for joint estimation of all parameters is described. Since, its
implementation for numerical computation is complicated, simplified
procedures are presented. The simplifications essentially concern the
estimation of the covariance matrices of the random coefficients. The

application and ‘anatomy’ of the proposed algorithm for modified ML
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estimation are illustrated by using panel data for output, inputs and

costs for 111 manufacturing firms observed up to 22 years.

Wei and Lung (2013) suggested and compared different methods for
estimating spatial autoregressive panel models with randomly missing
data in the dependent variable. They started with a random effects
model and then generalize the model by introducing the spatial Mundlak
approach. A nonlinear least squares method is suggested and a
generalized method of moments estimation is developed for the model.
A two-stage least squares estimation with imputation is proposed as
well. They analytically compared these estimation methods and find that
the generalized nonlinear least squares, best generalized two-stage
least squares with imputation, and best method of moments estimators

have identical asymptotic variances.

Liwen and Dengkui (2016) presented parametric bootstrap (PB)
approaches for hypothesis testing and interval estimation for the
regression coefficients of panel data regression models with incomplete
panels. Some simulation results are presented to compare the
performance of the PB approaches with the approximate inferences.
They showed that the PB approaches perform satisfactorily for various
sample sizes and parameter configurations, and the performance of PB
approaches is mostly better than the approximate methods with respect

to the coverage probabilities and the type | error rates.
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Extracting the Wealth of Knowledge in Composite
Index Data

Asmaa Mohamed Sayed!

Abstract:

Composite indices data are high-dimensional data, where the number of variables
sometimes exceeds the number of observations. A composite index is a single number
summary for each observation in the data. No matter how informative a single number
is, it can not capture all the features of such highly-dimensional data. One purpose
of this paper is to look at these data from various angles using different techniques
in an attempt to discover and extract the wealth of information or knowledge that
these data contain. We particularly focus our attention on three challenging issues:
(a) The choice of weights for indicators, (b) How to avoid measuring the standard
error of the index, and (c¢) High dimensionality of the data. We look at the data
from a multivariate point of view and use existing techniques (such as the Principal
Components Analysis, Multidimensional Scaling) to develop new alternative indices
for the same data.

We illustrate these methods using the Ibrahim Index of African Governance (IIAG)
data for 2016, the most recent year for which the data are available at the time of
writing. These data are provided by 34 well known and trusted providers. The
data are collected on 54 African countries including Egypt. The data consists of 154
variables, some of which are grouped into indicators. The total number of indicators
is 95. These are grouped into 4 main categories, and 14 subcategories. The main
purpose is to compute an index number for each of the African countries that can
be used to assess the overall performance of 54 African countries in terms of their

abilities to deliver public goods and services.
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1 Introduction

A composite index is a combination of various sources of information known as vari-
ables and indicators, measured in or of a system in order to provide a summary of
the system that is itself not directly measurable. Composite indices have venerable
history. Budro (2008) provides a survey of the current composite indices around the
world. At that time Budro (2008) found 187 indices. Examples of composite indices
are: the corruption perception index (CPI), Lambsdroff (2012) Modified corruption
Index (MCPI), The Human Development Index (HDI), De Muro, Mazziotta, and
Pareto (2011) proposal of modification of Human Development Index (MHDI), the
Ibrahim Index of African Governance (IIAG), the Gender Inequality Index (GII), the
Climate Change performance Index (CCPI), and The consumer Price Index (CPI).
to mention only a few.

Most recently, the International Knowledge Index (IKI) was computed for the first
time and published in November 2017 by the United Nations Development Program
(UNDP). The IKI extended the Arab Knowledge Index (AKI) which was computed
for the first time in 2015 by the Al Maktoum Foundation (http://www.mbrf.ae/) to
measure knowledge in the Arab countries, the Happiness Index (among youtrh 18-29
years) by Abo Elazm (2017), and Child Wellbeing Index by Rabea (2017).

The construction of a composite index usually starts with defining the concept of
interest that needs to be measured. For example, corruption as in the CPI, gender
inequality as in the GII, governance as in the [TAG, or Knowledge as in the AKI and
IKI. These concepts are difficult to measure directly. So experts in the domain field
select several variables to be used as proxy measures of the concept of interest. Some
of these variables are grouped into indicators. An indicator is usually a weighted sum
(e.g., the mean) of the variables included in it. Thus an indicator can be thought of
as an index of the variables involved. For simplicity we will use the terms variables
and indicators synonymously.

The variables and /or indicators are then partitioned into groups (categories), sub-
groups, and sometimes subsubgroups. Although these groupings are obtained after
extensive discussion among various experts in the field, experts do not always agree
on these groupings. Even when they agree, the question is what weights should be

given to indicators within subgroups, to subgroups within a group, and to groups

Cairo University — Institute of Statistical Studies and Research 58



The 52th Annual Conference of Statistics, Computer Sciences and Operation Research 25-27 Dec., 2017

within the overall index. In some indices, the weights are given by experts or derived
at by other means. In other indices the weights of indicators within a subgroup are
given equal weight, the subgroups within a group are given equal weight, and finally
the groups are given equal weight to obtain the final composite index.

For example, the IIAG consists of measurements on 54 African countries. For each
country, 154 constituent variables, taken from 34 data providers, are then grouped into
95 indicators. These 95 indicators are divided into four overarching categories. Each
of the four categories consists of subcategories. The total number of subcategories
is 14. All indicators within a subcategory are given equal weights, all subcategories
within a category are given equal weights, and finally all categories are given equal
weights to reach the final ITAG.

There are several drawbacks of such construction of indices. The indicator weights
depend on how one divides the indicators into groups and subgroups. The indicator
weights will not be equal unless all groups have equal number of subgroups and
all subgroups have equal number of indicators. Second, although the division of
indicators into groups and subgroups are usually arrived at after careful consideration
by various experts in the field, other partitioning of the indicators can be reasonably
obtained, yielding possibly different indices of the same data. Third, it seems that this
choice of weighting scheme is based on simplicity but not on any optimality criteria.
We propose other complementary ways of constructing indices (scores) derived from
composite index data that do not depend partitioning the indicators or a priori choice
of the weights.

For the index to be useful and meaningful, its construction requires careful con-
sideration of several important aspects of the potentially disparate and multiple in-
dicators that help convey its meaning, Dobbie and Dail (2013).

The construction of composite indices are conceptually easy, but in practice several
challenges are encountered. Perhaps, the most important one of which is data quality
because the quality of an index cannot exceed the quality of the data that are used

in its construction. Some of these challenges are discussed in the following sections.
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1.1 Data Availability

It goes without saying that a good index should use good and well-known data
providers. The data sources can provide raw or modified data. Variables should
be selected based on their relevance, accessability, and timeliness. Proxy measures
can be used if the desired variables are not available. The accuracy of proxy measures
can be investigated through sensitivity analysis and correlation. Their consistency
and reliability can be investigated, for example, by the use of Cronbach’s « (Cron-
bach, 1951). Sometimes practitioners tend to use whatever is available, but poor data
quality will produce a poor index. A good composite index should allow improvement

and development of its method of construction and renew its data over time.

1.2 Indicator Scales

Because the data come from different sources and in different units of measurements,
normalization is required before any aggregation. Three of the common scaling meth-

ods mentioned in the OECD 2008 are:

1. Standardization: This method subtracts the mean of each indicator = from each
score x; then divides by the standard deviation of the scores of each indicator,
that is,

2z = , t=1,---,m, (1)

where z; is the ith value of the indicator z,  and s, are the mean and standard
deviation of the indicator x, and n is the number of observations. The resultant

standardized indicator z will have a mean of 0 and standard deviation 1.

2. Min-Max Normalization: This method converts the score of an indicator X by
subtracting the minimum from each score then dividing by the range of the
scores, that is,

Yi= max(z) — min(z)’

The values of the resultant normalized indicator y will have values from 0 to 1.
The main disadvantage of these methods, however, is that they are not robust,
that is, they are affected by the presence of outliers. Of course, this disadvantage
can be avoided by replacing the mean and standard deviation but more robust

measures of location and scale.
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3. Ranking: The scores in an indicator are replaced by their ranks. Ranking is
perhaps the simplest method of normalization and it is not affected by outliers.
This method allows performances of countries to be compared to each other or

a country to be compared to itself based on it position or rank over time.

1.3 The Presence of Missing Values

Composite index data often contain missing values. The presence of missing values
threatens the validity of the statistical inference. Missing values can be categorized

as follows (Donders et al. (2006)):

1. Missing at random. Missing values don’t depend on the variable itself but they

are conditional on other variables in the data set.

2. Missing completely at random. Missing values are not related to the variable
or any other variables in the data. Like losing a questionnaire of a study ac-
cidentally. Statistical inference in that case will not be biased but of course it

will be less efficient.

3. Not missing at random. Missing values depend on the values themselves. Like

people of high income tends not to report their income.

There are various methods of handling missing data. The selection of a method
is related to the type of the missing observations. The methods of handling missing

values include:

1. Case Deletion: Exclude any incomplete observation from the analysis. In this
case we end up with less information and the standard error of the index will

increase in the reduced sample.

2. Single Imputation: Replace each missing value by newly imputed value. For ex-
ample, a missing value can be replaced by the mean or the median, or by other
methods such as regression imputation and expectation-maximization imputa-
tion. Single imputation underestimates the variance, because it partially reflects

the uncertainty in the imputation.
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3. Multiple Imputations: Replace each missing value by several newly imputed
values. It can more effectively represent the uncertainty due to the imputa-
tion. Most of the statistical packages nowadays offer the multiple imputation

technique like Monte Carlo simulation.

1.4 The Presence of Outliers

Outliers are a minority of observations that are inconsistent with the pattern sug-
gested by the majority of observations in a data. Outliers usually lie an abnormal
distances from the other observations in the data. There are several methods for the
identification of outliers in composite index data. Outliers can be identified for each
individual indicator or by considering indicators jointly as a multivariate data.

An example of the identification of outliers in an individual indicator is described
as follows: The a% trimmed mean and trimmed standard deviation are computed
based on the central (100 — )% of the values. Commonly used choices of o are 5%
and 10%. Then all observations more than 3 trimmed standard deviations away from

the trimmed mean are then replaced by:

Trimmed mean + 3.1 X Trimmed standard deviation, (3)
if they are in the right tail, or by

Trimmed mean — 3.1 x Trimmed standard deviation, (4)

if they are in the left tail.

Because this rule is simple and it strikes a balance between efficiency and robust-
ness, it is adopted by well-established indices, such as the Ibrahim Index of African
Governance (IIAG) (see the MIF foundation Web site at: mo.ibrahim.foundation).

Identifying outliers in individual indicators may not be able to detect multivariate
outliers, that is, outliers in the multivariate space. There are several outlier identifi-
cation methods for multivariate data. See, for example, Rocke and Woodruff (1996),

Rousseuw and Van Driesse (1999), and Billor et al. (2000).
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1.5 The Choice of Indicator Weights

Weights can have a significant effect on the overall results of a composite index. A
number of weighting schemes that exist in the literature include the following (see,

e.g., Dobbie and Dail, 2013):

1. Equal Weights. This approach is commonly used because of its simplicity. It is

based on the hypothesis that all indicators are equally important.

2. Data-Driven Weights. This approach is adaptive, that is, the weights are chosen
depending on the data. Some of the methods of adaptive weights include (see,

e.g., Decancq and Lugo, 2013):

(a) Frequency based weights. The choice of weights is based on the propor-
tional of population that suffering deprivation in an indicator. For example
the smaller proportion of individuals that suffer from a certain deprivation
the higher weight. Or on the other hand giving less weight to those vari-

ables where problems exist.

(b) Expert Opinions. Experts in the domain field may be asked about their
assessments of the relative weights for the indicators. A summary measure
of their weights (e.g., the mean) can be used as the weights of indicators

in the construction of the index.

1.6 The Margins of Errors

Composite index numbers are subject to various types of errors such as the use of
proxies due to the difficulties in obtaining direct measurements, the variability in
the methodology, completeness of data sources, the use of imputation of missing
values, etc. Therefore, index numbers should be accompanied by margins of errors or
confidence bands that reflect their imprecision. This is important because the index
values can be used to rank the countries. But is a given country’s rank really different
from other countries with neighboring ranks?

To answer this question, we need to compute the standard error of the index values
that can be used to construct confidence intervals for the index values. From these

intervals we can infer whether the rank of a country is significantly different from
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the ranks of the other countries. The problem here is that the standard errors of the
index values are not theoretically available. A way out of this is to use the Bootstrap
method (Efron and Tibshirani, 1993) to estimate the standard errors. This is used,
for example, by the Ibrahim Index of African Governance (IIAG).

The Bootstrap as used in the ITAG is described as follows:

1. Draw a large number M (e.g., 1,000) bootstrap samples from the ITAG data
(95 indicators in 2016) within their respective subcategories (14 in 2016).

2. For each bootstrap sample compute the ITAG for the subcategories, the cate-

gories, and the over all index.

3. Compute the standard error, SE(My;), of the M scores, where My; is the ITAG

score for a subcategory, a category, or the overall index.
4. Compute the (1 — «)100% confidence bands for the expected value IE (My;) by
My; & 24/2 SE(My), (5)
where z, /9 is the upper a/2 quantile of the standard normal distribution.

The overall Ibrahim Index of African Governance (IIAG), My;, for 2016 together
with the MIF bootstrap standard errors SE are shown in Table 1.

The confidence intervals in Table 1 can be used to determine if there are signifi-
cance differences among country scores and/or among their ranks. For example, for
the five highest ranked countries (1 = Mauritius, 2 = Botswana, 3 = Cabo Verde, 4
= Seychelles, and 5 = Namibia), one can see that Mauritius has a significantly higher
score and rank than the other four countries, whereas the other four countries are not
significantly different from each other.

One advantage of the bootstrap methodology for constructing the error bands is
that it is nonparametric, that is, it does not make assumptions about the probability

distribution of the indicators. However, this methodology has its own disadvantages.

1. It is computationally intensive because it requires a huge numbers of bootstrap

samples for the resulting error bands to be reliable.

2. The resulting error bands are random, that is, it gives different error bands

every time the method is applied to the same data.
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Table 1: The 2016 ITAG and the Bootstrap Standard Errors and 95% Conf. Limits.

No. ISO Country ITAG Rank SE Low Limit High Limit
1 DZ  Algeria 53.8 20 2.3 49.3 58.3
2 AO  Angola 39.2 45 2.5 34.4 44.0
3 BJ Benin 57.5 16 1.9 53.8 61.2
4 BW  Botswana 73.7 2 22 69.4 78.0
5 BF Burkina Faso 51.8 23 2.3 47.3 56.3
6 BI Burundi 41.9 43 2.2 37.6 46.2
7 CV  Cabo Verde 73.0 3 21 68.8 77.2
8 CM Cameroon 45.7 38 2.1 41.6 49.8
9 CF Central African Republic 25.7 52 24 21.0 30.4
10 TD  Chad 34.8 48 24 30.2 39.4
11 KM  Comoros 50.3 26 2.6 45.1 55.5
12 CD Congo 43.0 42 2.5 38.1 47.9
13 (I Cote d’Ivoire 52.3 21 1.6 49.1 55.5
14 CG  Democratic Republic of Congo  35.8 46 2.5 30.8 40.8
15 DJ Djibouti 46.5 37 2.7 41.1 51.9
16 EG  Egypt 51.0 24 25 46.1 55.9
17  GQ  Equatorial Guinea 35.4 47 2.9 29.7 41.1
18 ER  Eritrea 30.0 50 2.5 25.1 34.9
19 ET  Ethiopia 49.1 31 2.2 44.7 53.5
20 GA  Gabon 48.8 32 23 44.2 53.4
21 GM  Gambia 46.6 35 24 41.8 51.4
22 GH  Ghana 63.9 8 1.9 60.2 67.6
23 GN  Guinea 43.3 41 2.0 39.4 47.2
24 GW  Guinea-Bissau 41.3 44 2.6 36.2 46.4
25 KE  Kenya 58.9 12 2.0 55.0 62.8
26 LS Lesotho 57.8 15 2.0 53.9 61.7
27 LR Liberia 50.0 28 2.1 45.8 54.2
28 LY Libya 29.0 51 2.9 23.3 34.7
29 MG Madagascar 48.5 34 1.9 44.8 52.2
30 MW Malawi 56.6 17 1.8 53.2 60.0
31 ML  Mali 50.6 25 1.8 47.0 54.2
32 MR  Mauritania 43.5 40 2.5 38.7 48.3
33 MU Mauritius 79.9 1 1.9 76.3 83.5
34 MA  Morocco 58.3 14 23 53.8 62.8
35 MZ  Mozambique 52.3 22 1.8 48.9 55.7
36 NA  Namibia 69.8 5 1.8 66.2 73.4
37 NE  Niger 50.2 27 2.2 45.8 54.6
38 NG Nigeria 46.5 36 2.1 42.3 50.7
39 RW Rwanda 62.3 9 25 57.5 67.1
40 ST Sao Tome and Principe 60.5 11 24 55.8 65.2
41 SN Senegal 60.8 10 2.0 56.9 64.7
42  SC Seychelles 72.6 4 22 68.3 76.9
43  SL Sierra Leone 494 30 1.9 45.6 53.2
44 SO Somalia 10.6 54 2.1 6.60 14.6
45 ZA South Africa 69.4 6 2.1 65.4 73.4
46 SS South Sudan 18.6 53 2.2 14.3 22.9
47 SD Sudan 304 49 2.2 26.0 34.8
48 SZ Swaziland 49.7 29 2.0 45.9 53.5
49 TZ Tanzania 56.5 18 2.0 52.6 60.4
50 TG  Togo 48.5 33 2.1 44.4 52.6
51 TN  Tunisia 65.4 7 23 60.9 69.9
52 UG Uganda 56.2 19 1.9 52.5 59.9
53 ZM  Zambia 58.8 13 1.7 55.5 62.1
54 ZW  Zimbabwe 44.3 39 2.1 40.2 48.4
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3. It is done on the subcategory level, where the number of values to bootstrap is

as small as 5 or even less.

4. The bootstrap assumes that the indicators are interchangeable within their

respective subcategories.

These disadvantages cast doubt as to the appropriateness and reliability of using the
bootstrap for estimating the margins of errors. One objective of this paper is to
propose methods that do not depend on the computation of the margins of errors
(Section 3).

In this paper, we focus our attention on three challenging issues: (a) The high
dimensionality of the data, (b) The choice of weights for the indicators, and (c)
Measuring the margins of errors of the index.

The rest of this paper is organized as follows: Section 2 examines alternative
ways of constructing composite indices that do not depend on partitioning of the
indicators. In particular, Section 2.1 considers an index which gives equal weights
to all indicators. Section 2.2 proposes an index based on the Principal Components.
An important advantage of these indices is that they do not depend on, nor do they
require any particular partitioning of indicators into groups or subgroups.

Section 3 proposes ways of clustering the multivariate composite indices data. We
can avoid both the issues of grouping variables/indicators and of the need to compute
the standard errors by using clustering as explained in Section 3. We illustrate these
methods using the Ibrahim Index of African Governance and the HDS2014 Children
Well-Being data. This Demographic and Health Survey for Egypt is used to create
measure the deprivations of the Egyptian children. The data contain three groups:
Children under five years old, children aged 5 to 17 years old, and all children aged
0 to 17. The first group, contains seven deprivation indicators these indicators are:
Education, Shelter, Health, Water, Sanitation, Knowledge and Nutrition. for the
other two groups, the Nutrition deprivation indicator is dropped from the dominance
(for details see, Abd ElAziz, 2017). Finally, summary and concluding remarks are

given in Section 4.

Cairo University — Institute of Statistical Studies and Research 66



The 52th Annual Conference of Statistics, Computer Sciences and Operation Research 25-27 Dec., 2017

2 Alternative Ways of Constructing Composite In-
dices

As alternative to the composite indices which are based on partitioning the indicators
into groups and subgroups, we consider the equal-weight index (Section 2.1), where all
indicators are given equal weights without grouping them. We also propose another
index based on the Principal Components (Section 2.2). We then compare these
indices with the classical way of index construction using the African Governance

data.

2.1 Equal-Weights Index (EWI)

Composite indices are constructed by first, grouping the variables/indicators into
groups, subgroups, and sometimes subsubgroups. Even within a subgroup, one may
find indicators each of which is a composite index of several variables or indicators.
Although these groupings are obtained after extensive discussion among the experts
that are involved in the construction of the index, experts do not always agree on
these groupings. Even when they agree, the question is what weights should be given
to indicators within subgroups and to subgroups within a group. In some indices,
the weights are given by experts or derived at by other means. In other indices the
weights of indicators within a subgroup are given equal weight, the subgroups within
a group are given equal weight, and finally the groups are given equal weight to obtain
the final composite index.

To see the impact of different grouping and weighting schemes on the computation
of the index, we consider two ways of computing the ITAG. The first is the way used
by the Ibrahim Foundation, where all indicators within each sub-category are given
equal weights, all sub-categories within each category are given equal weights, and
all categories are given equal weights to arrive at the overall ITAG. As pointed out
earlier, one advantage of this choice of “equal” weighting seems to be its simplicity,
although in actuality, the final indicator weights are not equal but very different.
This is because the number of indicators are not equal across subcategories and the
number of subcategories are not equal across categories.

The second way is simply to ignore the groupings and subgroupping of variables

and indicators and treat the variable generically by giving them equal weights. Specif-
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ically, let X the data matrix containing all indicators as columns and all observations
as rows. The Equal-Weights index (EWI) assigns equal weights to all indicators
(without grouping) and the index in this case will simply be the arithmetic mean of
the rows of the data matrix X. In the case where the ith observation contain missing
values, they can be ignored or replaced by the average of that row (or any other
desired imputed value). Note that the EWT here is different from the indices based
on equal weights which are assigned after grouping the indicators into groups and
subgroups. The EWI does not partition the indicators.

The EWI is simple to compute and explain. Another important advantage of
EWT is that it does not depend on, nor does it require, any particular partitioning of
indicators into groups or subgroups as is the case for many composite indices. One
obvious drawback of the EWI is that the choice of truly equal weights seem to be
selected for simplicity.

To see the impact on grouping and weights on the ITAG index, Table 2 shows the
ITAG rankings of the 54 countries in 2016, the rankings based on equal weights, and
the differences between the two rankings. ranking versus the ITAG ranking of the 54
countries in 2016. Figure 1 also shows the scatter plot of equal weight ranking versus
the ITAG ranking of the 54 countries in 2016. One can see from Figure 1 that the
two methods are strongly related but there are substantial differences among the two
rankings of the countries. For example, as can be seen in Table 2, the IIAG ranking

of Swaziland is 29 but the equal weights ranking is 22, a difference of 7 positions.

2.2 Index Based on the Principal Components (PCI)

One way to deal with the high dimensionality of the data is to use multivariate
dimension reduction techniques. A common technique for dimension reduction is the
principal components analysis (PCA). In PCA we find an n X p matrix Y = XV,
where V is chosen such that the variables in Y are orthogonal to each other and have
decreasing variances. The variables in Y, which are linear functions of the variables
in X, are called the principal components (PCs) of X.

To fined the PCs, let S be the variance-covariance matrix of X and \; > ... >
Ap be the ordered eigenvalues of S and V = (V4,...,V,) be the matrix containing

the corresponding eigenvectors. It can be shown that the Pcs of X are given by
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Table 2: The ITAG and Equal Weight Rankings of the 54 Countries in 2016.

No. ISO  Country ITAG EWI Difference
1 DZ Algeria 20 20 0
2 AO  Angola 45 44 1
3 BJ Benin 16 16 0
4 BW  Botswana 2 2 0
5 BF Burkina Faso 23 24 1
6 BI Burundi 43 43 0
7 CV  Cabo Verde 3 3 0
8 CM  Cameroon 38 37 1
9 CF Central African Republic 52 52 0
10 TD  Chad 48 48 0
11 KM  Comoros 26 29 3
12 CD  Congo 42 41 1
13 CI C?te d’Ivoire 21 25 4
14 CG  Democratic Republic of Congo 46 47 -1
15 DJ Djibouti 37 35 2
16 EG  Egypt 24 21 3
17  GQ  Equatorial Guinea 47 46 1
18 ER Eritrea 50 49 1
19 ET Ethiopia 31 26 5
20 GA  Gabon 32 30 2
21 GM Gambia 35 34 1
22 GH  Ghana 8 9 1
23 GN  Guinea 41 42 1
24  GW  Guinea-Bissau 44 45 1
25 KE  Kenya 12 13 1
26 LS Lesotho 15 15 0
27 LR Liberia 28 31 3
28 LY Libya 51 51 0
29 MG Madagascar 34 36 2
30 MW Malawi 17 19 2
31 ML  Mali 25 27 2
32 MR  Mauritania 40 40 0
33 MU  Mauritius 1 1 0
34 MA  Morocco 14 10 4
35 MZ  Mozambique 22 23 1
36 NA  Namibia 5 6 1
37 NE  Niger 27 28 1
38 NG  Nigeria 36 38 2
39 RW Rwanda 9 7 2
40 ST Sao Tome and Principe 11 12 1
41 SN Senegal 10 11 1
42 SC Seychelles 4 4 0
43 SL Sierra Leone 30 33 3
44 SO Somalia, 54 54 0
45 ZA South Africa 6 5 1
46  SS South Sudan 53 53 0
47 SD Sudan 49 50 1
48 SZ Swaziland 29 22 7
49 TZ Tanzania 18 17 1
50 TG  Togo 33 32 1
51 TN Tunisia 7 8 1
52 UG Uganda 19 18 1
53 ZM  Zambia 13 14 1
54 ZW  Zimbabwe 39 39 0
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Plot of Equal Weight Rankings v. IIAG Rankings
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Figure 1: Plot of Equal Weight Rankings v. ITAG Rankings.

Y = XV. Furthermore, the variance of the j-th column of Y is the j-th eigenvalue
Aj,g =1,...,p. It p > n, as is the case here, it can also be shown that the last
p—n = 95— 54 = 41 eigenvalues are zeros, which means that each of the last 41 PCs
have zero variance. Accordingly, the total variance of the variables in X is equal to
the total variance of the first 54 variables in Y. Thus we can use the first 54 variables
in Y instead of X without loss in the variance. Further reduction is possible if the
variables in X are highly correlated but with some loss of the variance. For example
if we decide to keep only k& << 54 PCs, then the total variance of the first k£ variables
in Y accounts for Zk N

S < 100% (6)

Zj:l >‘j
of the total variance in X. For example for the 2016 data, the first £k = 2 components
account for 44% of the total variance, whereas the first k = 5 components account for

66%, the first & = 20 components account for 98%, and the first k = 24 components
account for 100% (this is because o5 = 0).
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Plot of PCl v. EWI
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Figure 2: Scatter Plot of CPI v. EWI of the 2016 African Governance Data.

The steps for computing an index based on the Principal Components (PCI) are:

1.

Compute the ordered eigenvalues (Aq, ...

V = (V4,...,V,) of the matrix X*X.

. Ap) and corresponding eigenvectors

Set a = V; and compute U = Xa. If the correlation between U and EWI is
negative, then replace U by —U.

The PCI scores can then be transformed to an index like measure by

U; — min(U)

PI; = min(EWI) + ———=
CPL = min(EWI) + Range(U)

x Range(EWI),

so that CPI will have the same range as the EWI.

4. Rank countries according to CPL.

Figure 2 shows the strong linear relationship between PCI and EWI.
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3 Clustering Multivariate Composite Indices Data

Instead of computing a score and a rank of each country, we can group countries into
K groups such that the countries in one group are similar to each other but different
from the countries in other groups. Clustering methods can be used to achieve this
objective. There are numerous methods for clustering in the literature. Here we
consider two of the commonly used ones in practice: the K-Means Clustering and the

Hierarchical Clustering.

3.0.1 K-Means Clustering

One of the most commonly used clustering algorithm is the K-Means algorithm. It

can be described briefly as follows (Johnson and Wichern, 1992):
1. Choose the number of clusters, K.
2. Generate K random points and use them as cluster centers.
3. Assign each point to the nearest cluster center.
4. Compute the new cluster centers.

5. Repeat Steps 3 and 4 until some convergence criterion is met (usually that the

assignment hasn’t changed).

The K-Means algorithm is popular due to its simplicity and speed (it is suitable
for large data sets). But it has serious disadvantage. One needs to specify the desired
number of clusters K. As a rule of thumb K is approximately \/n_/2 More seriously,
from Step 2, the output is random, that is, it does not yield the same results with
each run. Also, it tries to minimize intra-cluster variance, but does not ensure a
global minimum. For these reasons we will consider here the hierarchical clustering

algorithm.

3.0.2 Hierarchical Clustering

There are several algorithms that fall under the class of hierarchical clustering algo-
rithms. One commonly used hierarchical clustering algorithms is the Agglomerative

method, which is briefly summarized as follows (Rousseeuw, 1987):
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1. Compute an appropriate distance (e.g., Euclidean distance) between every pair

of observations.
2. Assign each of the n observations to its own cluster.

3. Compute an appropriate distance (e.g., using Ward Method or Complete Link-
age distance) between every pair of clusters and merge the two closest clusters

into one cluster.
4. Repeat Step 3 until all n observations belong to one cluster.
5. Draw the Dendrogram (cluster tree) and from the tree form the K clusters.

Using the Agglomerative Hierarchical Clustering method on the 2016 African Gov-
ernance data without grouping, we obtain the dendrogram shown in Figure 3. From
the dendrogram, one can conclude that the appropriate number of clusters (groups)
is 5. The five clusters (groups) are shown within the five rectangular boxes. The
countries in each of the 5 groups are given in Table 3.

Figure 4 shows the scatter plot of the Hierarchical Cluster grouping versus the
ITAG rankings of the 54 countries in 2016. The plot shows some similarities but
also some substantially different rankings of the countries. The top seven countries
according to the ITAG are all in the Group 1 (the highest ranked group). Similarly,
the four lowest ranked countries according to the ITAG rankings are all in the lowest
ranked Group 5. However, Sudan (SD) with rank 49 was placed in Group 5 whereas
Eritrea (ER) with rank 50 was placed in Group 4. Also, Egypt (EG) with rank 24
was placed in Group 2 surpassing many countries with better ITAG rankings. Perhaps
the most surprising result is that Sao Tome and Principe (ST'), which is the eleventh
top ranked country by ITAG, is placed in the second lowest Group 4.

Figure 5 compares the Equal Weight rankings (see Table 2) with the Hierarchical
Cluster rankings. We see here also that there are some similarities and some differ-
ences. The six top ranked countries are placed in the highest Hierarchical Cluster
Group 1. Similarly, the five lowest ranked countries are placed in the lowest Hierar-
chical Cluster Group 5. But there are many differences. For example, Tunisia (TN),
which is ranked 8th, is placed in Group 1 ahead of Rowanda (RW), which is ranked
Tth.
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Figure 3: Dendrogram for the 2016 African data without grouping.
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Table 3: Results of Hierarchical Clustering for the 54 Countries in 2016.

ITAG HC ITAG HC
Country Ranks Groups Country Ranks Groups
Botswana 2 1 Uganda 19 3
Cabo Verde 3 1 Zambia 13 3
Mauritius 1 1 Angola 45 4
Namibia 5) 1 Burundi 43 4
Seychelles 4 1 Cameroon 38 4
South Africa 6 1 Chad 48 4
Tunisia 7 1 Comoros 26 4
Algeria 20 2 Congo 42 4
Egypt 24 2 D. R. of Congo 46 4
Morocco 14 2 Djibouti 37 4
Rwanda 9 2 Equatorial Guinea 47 4
Benin 16 3 Eritrea 50 4
Burkina Faso 23 3 Gabon 32 4
Cote d’Ivoire 21 3 Gambia 35 4
Ethiopia 31 3 Guinea 41 4
Ghana 8 3 Guinea-Bissau 44 4
Kenya 12 3 Mauritania 40 4
Lesotho 15 3 Nigeria 36 4
Liberia 28 3 Sao Tome & Principe 11 4
Madagascar 34 3 Swaziland 29 4
Malawi 17 3 Togo 33 4
Mali 25 3 Zimbabwe 39 4
Mozambique 22 3 Cent. African Republic 52 5
Niger 27 3 Libya 51 5
Senegal 10 3 Somalia 54 5
Sierra Leone 30 3 South Sudan 53 5
Tanzania 18 3 Sudan 49 5
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H—Cluster Rankings

Figure 4:

H—Cluster Rankings
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Figure 5: Plot of H-Cluster Rankings v. Equal Weight Rankings.
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4 Summary and Conclusions

The contributions of this paper can be summarized as follows:

1. As an alternative methodology to computing composite indices, we propose the
use of clustering methods to group objects or countries into K groups such
that the countries in one group are similar to each other but different from
the countries in the other groups. The use of clustering avoids two issues with
composite indices, that is, the need to group variables/indicators by experts
and the need to compute the standard errors. Countries in the same group are
taken to be similar (having approximately the same rank) and countries that

are classified into different groups are interpreted as having different ranks.

2. Different ways of ranking the countries are compared: The ITAG rankings, the
Equal Weight rankings, the Principal Components Index rankings, and the Hi-
erarchical Cluster rankings. These methods provide different rankings. Experts
in the relevant domains can use these results and decide on which method gives
appropriate rankings based on their theoretical understanding of the domain of

interest (e.g., African governance for the African governance data).
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Review: Conditional and Unconditional AR (1) Model

Sayed M. El-Sayed®, Ahmed A. El-Sheikh?,
Mohamed K. A. Issa’and Hadia F.M.A. Azmy”

Abstract

In this paper, a literature of conditional and unconditional autoregressive
model AR (1) will be discussed and explained which estimator is the best for

application.

Keywords: First order autoregressive, Ordinary least squares, Maximum likelihood,

Weighted symmetric.

1. Introduction

There are some similar aspects between autoregressive model and linear
regression model, where y, is the dependent variable, while y;_;,v;_5, ... ... Ve—p are
the independent variables, and &, is considered to be the error term in autoregressive
model. On the other hand, there is a difference between the two models; where the
independent variables in auto-regressive model are random and correlated and there is
another difference that the initial value (y,) in AR model, this problem summarized in
the first term of error (&;) , because the value of &; depends on the initial value y, and it
cannot be estimated from the available observations y,, y,, ... ... VY, but if n — oo the
effect of &; will be negligible and so it will tend to zero. So there are different methods
of estimation applied with the autoregressive models when y, is fixed, this method of

estimation is called conditional estimation and when 1y, is stochastic
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and N (O,%), this method of estimation is called unconditional estimation
[Sharawy (2005)].

The review is divided into two parts: the first part introduces a literature review
of conditional AR (1) model, the second part introduces a literature review of

unconditional AR (1) model.

2. Conditional AR (1) Model

Dickey and Fuller (1979) introduced the first order autoregressive model AR(1)

which is defined as
Ye = PYi-1 + & (1)

Wheret = 1,2 ...,m, y, is fixed constant, and &,~iid N(0,c2 ).They investigated the
properties of the estimator p using the ordinary least squares method (OLS) under the
assumption that p = +1. They derived the limit distribution of the estimator of p. The
results of Monte Carlo simulation indicated that tests based on the estimated p were

more powerful for tests against stationarity than the ¢ statistics.

Fuller and Hasza (1979) investigated an estimator for AR (1) model
Ye=a+ pyeqté& (2)

Where t =1,2...,n, y, is fixed constant, and e&,~iid N(0,02). They studied
alternative predictors for stationary and non-stationary models using the Monte Carlo
method. They showed that the OLS predictor is unbiased for symmetric error
distributions for AR (1) model.

Fujikoshi and Ochi (1984) introduced the AR (1) model which is defined in (1)
Wheret = ---,—-1,0,1, ... ... and p is an unknown parameter, |[p|<1 and

g~iid N (0,0%). They derived an asymptotic expansion of the distribution of
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Maximum likelihood (ML) estimator based on T observations for the AR (1) normal

model up to the term of order 71,

Dickey, et al. (1984) proposed the simple weighted symmetric (SWS) estimator
for AR (1) model without constant as defined in (1). Where t=1,2,...,n and y, is fixed
constant, e,.~iid N(0,02 ). The SWS estimator of p is given by

n-1 -1 5
0.5(yf +y2) + Z y?] z VeVi-1
t=2 t=2

Breton and Pham (1989) introduced an estimator for the AR (1) model without

Psws = —

constant as defined in (1). Wheret>1, y,=0, pis a real parameter and
g.~iid N (0,02 ).They obtained the exact formula for the bias of estimator and derived

the asymptotic bias using OLS and ML.

Park and Fuller (1995) introduced a weighted symmetric (WS) estimator for
AR(1) model without constant as defined in (1). Where t = 2,3, ..., n, &,~iidN (0,02 )
and y, is fixed constant. Under the stationary condition, that is, [p| = 1 could have a

backward representation of the autoregressive time series. That is,

Ve = PYVis1 T & t=23, ..,n (3)

The WS estimator of p denoted by py,s , IS derived by minimizing the following

function
n n—-1
Qus(@) = ) Wil = pyecs)” + ) (1= W) = pyean)?
t=2 t=1

The WS estimator for AR (1) as follows:

Burs = X2 VeVe-1
WYl +nt Y 2

Shenton and Vinod (1995) conducted closed forms for asymptotic bias and

variance for AR (1) model without constant as defined in (1) with unit roots and with
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zero initial value. They provided the closed- form for the asymptotic bias and variance

of ML estimator as follows;

p= TYeVi-1
2711_1 V2
Where &.~iid N(0,02) and |p| = 1. Numerical accuracy up to six significant digits

was achieved for sample sizes when n > 100.

Ali (2002) investigated the finite sample distribution of the OLS estimator of the
autoregressive parameter in AR (1) model without constant as defined in (1), obtained a
uniform asymptotic expansion for the distribution applicable to both stationary and
non-stationary cases, used three cases of initial values y, , where y, = 0 is fixed,

Yo # 0 is constant and y, is stochastic.

Provost and Sanjel (2005) investigated the estimator of the coefficient of AR (1)
model as defined in (1). Wheret = 0,+1,+2,...,4n, &~iid N(0,02) and |p| = 1.
They compared estimator of the parameter of AR (1) model using the OLS, modified
least squares (MLS), the Yule-Walker, and Burg’s estimators. They showed that the
MLS estimator is the least biased and the OLS and Burg’s estimators have similar

means and variances for any n > 10.

Youssef (2008) introduced an estimator for the AR (1) model with unit root as
defined in (2).Where t = 2,3 ..., n, g,~iid N(0, 02 ).He compared the OLS, MLS, WS,
modified weighted symmetric (MWS), and ML estimators for AR (1) in the case of unit
root and he studied it using Monte Carlo method, to see how well the estimators and the
predictors performed on different samples sizes. The Monte Carlo simulation results
suggested that the MLS estimator performed well, in the sense of less biased and MSE,
in small and large sample size. Therefore, he recommend to use MLS to estimate the
unit roots.

Also Youssef, et al (2012) introduced a comparison between some methods of
estimation, such as (OLS), (MLS), (WS), (MWS) and unconditional maximum
likelihood (UML) for AR (1) model as defined in (2).Where t =2,3...,n,
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g.~iid N(0,0? ). Also, the properties of OLS estimator were discussed. A comparative
study between these methods was considered in the case of unit root and explosive time
series, using Monte Carlo simulation. They concluded that the estimator of MLS
method was the best one among other estimators for small and medium sample sizes,
while UML was the best one for large sample size.

El-Sayed et al (2015) proved the linearization and the unbiasedness of the
estimated parameter of AR (1) model without constant as defined in (1) and (3) using
WS method, where ¢t = 2,3, ...,n, &~iid N (0,0%),and |p| = 1.

3. Unconditional AR(1) Model

Box and Jenkins (1976) investigated ML estimator of the parameter for AR(1)
model as defined in (1). They showed that there is no direct analytical formula in terms
of series data when derive the logarithmic of unconditional maximum likelihood
function (4), so the following function has to be solving by one of numerical methods.

n 1
InL = —=In(2rnc?) + = In(1
2 2 (4)

1
P/
p*) 552

n
yi(1—p*)+ Z(yt — pYe-1)?
t=2

They showed that the fundamental reason in the absence of such formula due to the
presence of quantity In(1 — p?) in the logarithmic function, so assumed that the effect
of In (1 — p?) will be negligible and so it will tend to zero if n — o .Then the
logarithm of likelihood function can be written in approximate way as the follow.

n
In(L) = —Eln(27wz) ~5.3

n
yi(1—p*) + Z(yt — pYe-1)?
t=2

And they obtain the UML estimator as follows;

A _ Yt2ViVi-1

PumL n 2
t=3Yt—1
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They concluded that the estimator py,,, IS the same as the unconditional ordinary
least squares (UOLYS) estimator pyops-

Hasza (1980) derived approximate estimator for AR (1) for p € (—oo, )
and showed that there is a root in each of interval ( —o0,—1), (—1,1), and ( 1, o)
by using ML. If y, is stationary, then the estimator for AR(1) for p is a root of

the following cubic equation

f(p) = azp® + a,p* + a;p + ag

Where
n-1 n n-—1 n n
e DR )Y DX EIOR D)
as = n yi ,» Az = n VeVe-1 » a; = YVt n Yi » Qo = YVeVe-1
t=2 t=2 t=2 t=1 t=2

Shin and Fuller (1998) proposed a Likelihood ratio test based on UML
estimation for autoregressive moving average (ARMA) that may contained an AR unit
root, and this was considered as an extension of the work of Hasza (1980). They
showed that the limiting distribution of normalized ML estimator of the unit root was
the same as the estimator for AR (1) model.

El-Sayed, et al. (2017) investigated a closed form of the bias of the parameter
using UML of AR(1) model as defined in (1) Where t = 1,2,3, ..., n, g,~iidN (0,02 ),

2
1fp2) under the stationarity condition |p| < 1, which is

considered as an extension of Box and Jenkins (1976). Moreover, the consistency of the

assumed that y,isN (0,

estimated parameter has been proved.
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4. Conclusion

Based on the previous review, the following points can be presented, as;

For AR (1) model with unit root problem, the MLS method was the best one among
other estimators for small and medium sample sizes, while UML method was the
best one for large sample size [Youssef (2008)] and [Youssef, et al (2012)].

For AR (1) model with explosive problem, the UML method which considered the
only method of estimation that can be used in this case [Youssef, et al (2012)].

For stationary AR (1) model a closed form of the bias using UML as the method
estimation has been derived [El-Sayed, et al. (2017)].
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Estimation of Ranked Set Sampling Methods : Comparative Study
Nasr |. Rashwan*and Nuran M. Al-Mawan?*
Abstract :

In environmental monitoring and assessment, the main focus is to achieve observational
economy and to collect data with unbiased, efficient and cost effective sampling methods.
Ranked set sampling (RSS) is one traditional method that is mostly used for accomplishing
observational economy. In this article, quartile double ranked set sampling (QDRSS) is
compare to different ranked set sampling methods which are useful to estimate the population
mean based on simple random sampling (SRS) method. When the underlying distributions are
symmetric and asymmetric, it turns out that quartile double RSS (QDRSS) produce unbiased
estimator is more efficient than SRS, paired RSS (PPRSS), extreme RSS (ERSS), median
RSS (MRSS), double RSS (DRSS), quartile RSS (QRSS), percentile RSS (PRSS), paired
double RSS (PPDRSS) and RSS based on the sample size. It is shown that, the variance of the
mean estimator under QDRSS is always less than the variance of the mean estimator based on
SRS and the other methods.

Keywords:
Ranked set sampling; Paired ranked set sampling; Extreme ranked set sampling; Median
ranked set sampling; Double ranked set sampling; Quartile ranked set sampling; Percentile
ranked set sampling; Quartile double ranked set sampling; Paired double ranked set sampling;
Relative precision.
1. Introduction

There are many sampling methods that can be used in surveys of natural resources in
agriculture, biology, environmental management, forestry, etc. The main objective of
whatever sampling method is used is to obtain precise estimates of population parameters
with minimum cost and expenditure. One method is ranked set sampling (RSS). RSS becomes
an efficient alternative to simple random sampling (SRS) when taking exact measurements of
selected units is very costly whereas ranking a small set of selected units is cheap. Ranking
may be visually with respect to the study variable or by any inexpensive method. Mcintyre
was the first to suggest the RSS method for estimation of pasture and forage yields.
Mclntyre’s goal was to maintain the unbiased of SRS while effectively incorporating into the
estimates the outside information provided by visual inspection. Takahasi and Wakimoto 2!
developed the theory of RSS procedure under the assumption of perfect ranking. Dell and
Clutter ® showed that the mean estimator under imperfect RSS remains an unbiased estimator
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of population mean. Patil et al. ™ compared the mean estimator based on perfect and
imperfect rankings with the SRS based regression estimator of population mean. Muttlak ™
and Muttlak ™ introduced paired ranked set sampling (PPRSS) and median ranked set
sampling (MRSS) schemes for estimation of population mean, respectively. PPRSS can be
used when it is difficult to select a large number of units from the population of interest.
Samawi et al. ™ suggested using extreme ranked set sampling (ERSS) to estimate the
population mean if the underlying distribution is symmetric and it is more efficient that the
SRS estimator. Muttlak ™ extended the work of Patil et al. * and showed that the mean
estimator under MRSS is more efficient than the mean estimators with SRS and RSS. Al-
Saleh and Al-Kadiri™ suggested double ranked set sampling method (DRSS) for estimating
the population mean. They showed that the sample mean based on DRSS is more efficient
than the sample mean with RSS. Muttlak ™! proposed quartile ranked set sampling (QRSS)
and percentile ranked set sampling (PRSS) for estimating the population mean. Al-Saleh and
Al- Omari @ introduced quartile double ranked set sampling (QDRSS) procedure for
estimating the population mean. Haq et al. I suggested paired double ranked set sampling
(PPDRSS) for estimating the population mean. The main advantage of using PPDRSS over
DRSS is that it requires less number of identified units as compared with DRSS. This help in
reducing the time and cost that is involved in the ranking process.
In this paper, quartile double ranked set sampling (QDRSS) method is compared with the
other ranked set sampling methods. It is shown that for the probability distributions
considered in this study, QDRSS unbiased estimator has less variance than all the other
methods. Computer simulation results are given to compare the efficiency for the estimators
based on SRS with its counterparts RSS, PPRSS, ERSS, MRSS, QRSS, PRSS, DRSS,
QDRSS and PPDRSS.
2. Ranked set sampling methods

This section is concern with methods of ranked set sampling given a definition of each
method and defined the mean and the variance of each case in the methods.
Let X,, X,, .., X, be a random sample with probability density function f(x)with mean x and
variance o% Let Xiwny, Xoany «or Xoam); Xa@nyy Xo@nys coer Xn@ny 5 wee 3 Xigum)y Xy eeey Xnny D€
independent random variables all with the same cumulative distribution function F(x). Let
Xiany denotes the i™ order statistic from the i* sample of size n (i=1, 2, ..., n).The cycle may
be repeated m times to get mn units. Let X;.,; denotes the j* cycle of size m (j= 1, 2, ..., m).
To understand the calculation in the study assume the cycle is repeated once ; i.e. m=1.The
variance or the mean square error of the sample means for the RSS, PPRSS, ERSS, MRSS,
QRSS, PRSS, DRSS, QDRSS and PPDRSS were calculated using the moments of the order
statistics for the distributions considered in the study ( see Harter and Balakrishnan ¥ and
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Balakrishnan and Chen ¥). The relative efficiency (RE) of estimating the population mean
using any of the RSS based methods with respect to the usual estimator using SRS is defined

as 4
Var (XSRS)

Var(XRSS's)
Here Xsrs and Xzsss are both unbiased estimators. In case of biased estimator, the variance is

RE(XSRS' XRSS‘S) =

replaced by the MSE of the estimator where 7
MSE (Xrsss) = VarXesss) + [EXrsss — )]~

2.1. Ranked set sampling

The original idea of ranked set sampling (RSS) was introduced by McIntyre’s ™. Ranked
set sampling is a methodology which can improve the efficiency of techniques such as
estimation and confidence intervals without increasing the number of substantial
observations. It uses additional information from the population to provide more structure to
the data collection process and decreases the likelihood of an unrepresentative sample. In
addition, it is designed to minimize the number of measured observations required to achieve
the desired precision in making inferences. The RSS scheme can be described as follows : In
order to draw a sample of size n, we identify n? units from the target population. The n units
in each sample are ranked visually or by any inexpensive method with respect to the variable
of interest. From the first set of n units, the smallest ranked unit is measured. From the second
set of n units, the second smallest ranked unit is measured. The process is continued until
from the nth set of n units the largest ranked until is measured. The estimator of the
population mean for RSS of size n is given by

Res =180 X;
with variance
Var(Xss) = %Z?n 0% (iny, Where 6% = E(X (i) — Him))? = 02— Ziq (Ueim) — W2

The RE for the symmetric and asymmetric distributions are

= = Var(Xsgs)
RE (Xsgs, Xrss) = Var(Rnes)
2.2. Paired ranked set sampling

Muttlak ™ introduced paired ranked set sampling (PPRSS) procedure for estimating the
population mean. PPRSS procedure is explained as follows: for even sample size n, identify
n?sets each of size n from the target population. Each sample is ranked in itself as in ranked
set sampling design. Select the smallest and largest ranked units from the first set. Similarly,

select the second smallest and second largest ranked units from the second set. The procedure

continues, then gth and nT” th ranked units are selected from the last set. Similarly, for odd

sample size n, identify nTHsets each of size n from the target population. Each sample is

ranked in itself as in ranked set sampling design. Select the smallest and largest ranked units
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from the first set. Similarly, select the second smallest and second largest ranked units from

the second set. The procedure continues, then the "T“th ranked units are selected from the last

set. The sample means under PPRSS for even and odd n are given below:™

_ . on n
Xeersse = — (7o Xiim) + Xicq Xicn-i+1:m))

n+1 n—1

-_— 1 —_— —_—
and Xeprsse = n (ZiilXi(i:n) + ZiilXi(n—Hl:n))r

Both Xeersse and Xeersso are unbiased estimators. The variances of Var (Xeersse) and
Var(Xeersso) respectively, are

n

~ , .z n
Var(Xeersse) = — (071 0%y + Zi2; 0% (n-iv1m))s

n+1 n-1
— 1 — —
Var(prRsso) = e} (Ziil O'Z(i:n) + Ziil Uz(n—i+1:n))-
The RE for the symmetric distribution is

_ _ var(Xsgrs)
RE(XSRs; XPPRSS) = szzs) !

var(Xses) _ gor asymmetric distribution.

and RE (Xsgs, Xpprss) = MSE(Xpprss)

2.3. Extreme ranked set sampling

Samawi et al. " used extreme ranked set sample (ERSS) in case of even sample size with
is easier to use than the usual RSS procedure to estimate the population mean. ERSS
procedure is explained as follows: for even sample size n, identify n? units from the target

population. Each sample is ranked in itself as in ranked set sampling design. Select the
smallest ranked unit X, from first g sets and the largest ranked unit X,, from the other g sets.

Similarly, for odd sample size n, select the smallest ranked unit X, from first ”T_lsets. Select
the largest ranked unit X, from second nT_lsets and the median with rank "T” from the

remaining set. The sample means under ERSS depending on even (E) and odd (O) sample
sizes are, respectively, given by &
n
j— 1 -
Xersse = ;(Zlilxi(l:n) +Z?=g+1Xi(n:n))

n-1
1

3 1 - —
and Xersso = — (X2 Xi(1:m) + :lznT—l_HXi(n:n) + Xi("Tﬂ:n)):
Both Xersse and Xersso are unbiased estimators. The variances of Var(Xersse) and Var (Xersso)

respectively, are

_ 1 2
Var(Xersse) = s (Z?:l 0'2(1:71) + Z:lzﬂ_'_l O'Z(n:n))
2

n—-1
_ 1 — —
Var(Xeasso) = — (2,2, 0% (1my + Zrnma,, 0 uemy + 0% nt1 ), (2.1)
2 2

The RE for the symmetric distribution is
s o var(X
RE (Xsgs, Xgrss) = % ,

and RE (Xggrs, Xprss) = %ﬁfi) for asymmetric distribution.

2.4. Median ranked set sampling
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Muttlak ™2 introduced Median ranked set sampling (MRSS) procedure for estimating the
population mean. MRSS procedure is explained as follows: for even sample size n, identify

n2units from the target population. Each sample is ranked in itself as in ranked set sampling

design. Select the gth smallest rank from the first g sets and select the nT”th smallest rank

from the other = sets. Similarly, for odd sample size n, select the "*1th smallest rank from all
2 2

sets. The sample means under MRSS for even and odd n are given below:™
_ 1 n
Kursse “n (Z?:1Xi(§:n) + Zi:§+1Xi(nT+2):n))
S 1
and Xuesso = 3 (=1 Xjnen ),
Both Xyrsse and Xursso are unbiased estimators. The variances of Var(Xussse) and
Var(Xursso) respectively, are
_ 1 2
Var(XmRSSE) = Z (Zi2=1 O'z(g:n) + Z?=2+1 O'Z(nT-i-Z:n))a
> 1
Var(XMRsso) =ﬁ(2?=1 O'Z(nT-I—l:n)) (22)
The RE for the symmetric distribution is
RE (Xsgs, Xurss) =

_ _ Var(Xsgrs)
and RE (Xsgrs, Xyrss) = W;izs)

var(Xsrs)
var(Zmgss) '

for asymmetric distribution.
2.5. Double ranked set sampling

Al-Saleh and Al-Kadiri ™ introduced double ranked set sampling (DRSS) procedure for
estimating the population mean. In order to select a double ranked set sample of size n, the
experimenter needs to identify n® units from the target population. This may be difficult when
an epidemic breaks out in some area or in queuing problems when data arrive in batches of
varying sizes. Moreover, there may be a shortage of experimental units or ranking is difficult,
time consuming and costly, see Samawi ™ and Haq et al. ¥. In all such situations, the
balanced DRSS cannot be conducted with full confidence or it is costly. The DRSS scheme
can be described as follows: In order to draw a sample of size n, we identify n® units from the
target population. Randomly allocate these units to n set each of size n% Apply RSS
procedure to n sets in order to obtain n ranked set samples each of size n. Again apply the
RSS procedure to these n ranked sets, each of size n, to obtain a double ranked set sample of
size n. The estimator of the population mean for DRSS of size n is given by

Y _1¢on *
XDRSS_; i=1X in

with variance
V4 1 * *
Var(Xoss) = ;Z?ﬂ o Z(i:n)’ where o 2(i:n) =EX(m) — Il(i:n))2 .

The RE for the symmetric distribution is

- o var(X
RE (Xsgs, Xprss) = % '
and RE (Xsrs, Xprss) = %for asymmetric distribution.
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2.6. Quartile ranked set sampling
Muttlak ™ introduced quartile ranked set sampling (QRSS) procedure for estimating the
population mean. QRSS procedure is explained as follows: for even sample size n, identify n?

units from the target population. Each sample is ranked in itself as in ranked set sampling
design. Select the (gi(n + 1))th smallest ranked unit from the first g sets and select the

(gs(n + 1))th smallest ranked unit from the other g sets where q;=0.25 and ¢;=0.75.
Similarly, for odd sample size n, select the (q.(n + 1))th smallest ranked unit from first nT_l
sets. Select the (gs(n + 1))th smallest ranked unit from second nT_lsets and the median with
rank nT“ from the remaining set. The sample means under QRSS for even and odd n are

given below:™
_ 1 2
Xorsse =~ (Zi_; Xicqym+1ym) + Ziny Xigz(ne1ym))
2
n—-1
— 1 — _
and Xossso = 7 (8,2 Xicayns ym) + i,y Kicaynanymy + X)),
2

Both Xorsse and Xorsso are unbiased estimators. The variances of Var (Xorsse) and Var (Xorsso)
respectively, are

n

— 1 -
Var(Xorsse) = nZ (Z?:l Uz(ql(n+1):n) + Z;;EH 62(q3(n+1):n)) (2.3)

2
n—-1
S 1 . —
Var(Xensso) = (2,2, 0% (qy(n1ym) + Zine1, , 02 (qy(nbym) + 0% mr1 ), (2.4)
2 2

The RE for the symmetric distribution is
RE(XSRS: XQRSS) =

var(Xsgs)
MSE(XgRss)

2.7. Percentile ranked set sampling
Muttlak ™ introduced percentile ranked set sampling (PRSS) procedure with different

var(Xsgrs)
Var(Xgrss) '

and RE (Xsgs, Xorss) = for asymmetric distribution.

value of 0<p <1 for estimating the population mean. PRSS procedure is explained as
follows: for even sample size n, identify n? units from the target population. Each sample is
ranked in itself as in ranked set sampling design. Select the (p(n + 1))th smallest ranked unit
from the first ~ sets and select the (q(n + 1))th smallest ranked unit from the other ~ sets.
Similarly, for odd sample size n, select the (p(n +1))th smallest ranked unit from first
nT_lsets. Select the (q(n + 1))th smallest ranked unit from second nT_l sets and the median

with rank nT“ from the remaining set. The sample means under PRSS for even and odd n are
given below:™!

_ 1.2
Xersse = — (X, Xipmanym) + Z?=7_21+1Xi(q(n+1):n))
n-—1
> 1 S -
and Xersso =~ (X;2; Xip+1y)m) + E?=%+1Xi(q(n+1):n) + Xi(nTH:n));
Both Xersse and Xersso are unbiased estimators. The variances of Var(Xessse) and Var (Xersso)
respectively, are
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var(Xeesse) = % (Zill 02 pn+1ym) + Z?%H 02 (q(n+1)m)) (2.5)
n-1
Var (Xessso) :% 2,02 pmrym) + ZZ@H 0% qm+1ym) T Gz(nTﬂ:n)): (2.6)
The RE for the symmetric distribution is )
RE(XSRSJXPRSS) = % '

and RE (Xggs, Xppss) = %}fﬁ;) for asymmetric distribution.

2.8. Quartile double ranked set sampling

Al-Saleh and Al- Omari 2 introduced quartile double ranked set sampling (QDRSS)
procedure for estimating the population mean. The QDRSS scheme can be described as
follows : In order to draw a sample of size n, we identify n® units from the target population.
Randomly allocate these units to two sets each of size n% Apply RSS procedure to n sets in
order to obtain n ranked set samples each of size n. Apply the QRSS procedure to these n
ranked sets, each of size n, to obtain a quartile double ranked set sample of size n. The sample
means under QDRSS for even ang odd n are given below:?

\74 1 2 * *
Xoorsse = — X2y X i(qy(m+1)m) +Z?=%+1X i(qs(n+1):m))

n-1
v 1 T2 oy - * *
and Xoorsso = n Q2 X g mrymy + Z:LEHX i(@s(m+1)m) T X i(n_ﬂ:n))'
2 2

Both Xoorsse and Xqorsso are unbiased estimators. The variances of Var (Xoorsse) and
Var(Xqorsso) respectively, are

v 1 z * *
Var(Xoorsse) = — (Bi_; 0% (g, (ne1)m) + Ziin, 1 0% (e 1)m))
2
n—-1

v 1 2 % - *
Var(Xqorsso) = n Q2,0 2(q1(11+1):n) + 2:;111 1,0 2(q3(n+1):n) + UZ("TH:n));

=
The RE for the symmetric distribution is

_ _ _ Var(Xsgs)
RE (Xsrs, Xqprss) = WQ;;SS) ’

and RE (Xsgs, Xoprss) = % for asymmetric distribution.

2.9. Paired double ranked set sampling

Hag et al. ™ introduced paired double ranked set sampling (PPDRSS) procedure for
estimating the population mean. This method can be used as an alternative to DRSS when it's
difficult or time consuming or costly to identify n®units from the target population, especially
when there is a shortage of experimental units. The main steps involved in selecting PPDRSS
of size n are as follows: for even sample size n, identify "73 units from the target population.
Each sample is ranked in itself as in ranked set sampling design. Randomly allocate these
units to % set of size n’. Apply RSS procedure on each set in order to obtain % ranked set

sample of size n. Now, apply PPRSS procedure on g set to get an even PPDRSS of size n.
n?(n+1)

Similarly, for odd sample size n, identify >

units from the target population. Randomly
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allocate these units to n—”sets each of size n%. Apply RSS procedure on each set in order to

obtain n—+1 ranked set samples each of size n. Now, apply PPRSS procedure on —sets to get

an odd PPDRSS of size n. The sample means under PPDRSS for even and odd n are given
below:™

n

\"4 1 > * 2 *
Xeeorsse =— (X7_y X igim) + 271 X i(n-i+1m))

n+1 n-1

\"4 1 2 * T2 oy
and Xerorsse = ” Q21 X i) T 2.2, X im—iv 1))
Both Xeeorsse and Xeeorsso are unbiased estimators. The variances of Var (Xeeorsse) and
Var(Xeeorsso) respectively, are

n

v 1 2 * 2 *
Var (Xeeosse) = — (Xr_; 0 i) + Zi_; 0% (n-iv1m)s

n+1 n—1

\"4 1 T2 % T2 %
Var(Xeeorsso) = ) Q2,0 2(i:n) +X2,0 2(n—i+1:n))-
The RE for the symmetric distribution is
RE (XSRS'XPPDRSS) =

= S Var(X
and RE (Xsgs, Xppprss) = ﬁ

Lemma (i)Var(Xursso) < Var(Xersso) for odd sample size (n).

Var(Xsgs)
Var(Xppprss) '

for asymmetric distribution.

(i) Var(Xursso) < (Xorsso) for odd sample size (n).

(iii)Var (Xursso) < ( Xersso) for odd sample size (n).

(iv) In PRSS if the value of p = 0.25, then Var(Xerss) = Var (Xorss) for each sample size,
whether even or odd.

Proof. To prove (i), usling (2.1) and (2.2)

Var(Xensso) = % (27—71 0% (1my + Z’.q_n1;1+ 0%y + Uz(nzl:n))
= 2(B) 2w+ (5)m+o o)

- %(T) (0% +0%m) + ;0 (222

- % (nT_l) (02(1) + 0% @) + Var(Xyrsso)

1 (n-1
Remark that 2 (T) (0'2(1) + O'Z(n)) >0, then

Var(Xuesso) < Var (Xessso).
(ii) using (2.4) and (2.2) ,

Var®oesso) = 5 (521 0% @y wnym) + i, 0 s 0% )
% (n 1) 7% (qi(n+1)) T (n 1) o (qs(n+1)) +0° () )

= (T) (0% @quns 1) + 0% qa(ne1) + 7507 (1)

= (nT_l) (0% @1 T 0% (@) T Var Kygsso) (2.7)

n2

1 (n-1
Remark that — (T) (02 pm+1)) + 0% (gm+1y) =0, then

Var()?MRSSO) < Var(XQRSSO)-
(iii) using (2.6) and (2.2),
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n—1

S 1 - _
Var(Xeesso) = — (Z;2, 0% pnenymy + Z;;nl-lﬂ 0% qm+1ym) + Gz(n_’rl:n))
2

1 -1 -1
Y (nT) 0% pn+1)) + (nT) o2 (g1 + Gz(nTﬂ) )
= % (nT_l) (0% 1) + 0% (qme1)) + ﬁ Gz(nTﬂ)

1 (n-1 _
Tz (nT) (0% a1y + 0% (qme1)) + VarXursso) (2.8)

nZ
Remark that % (nT_l) (02 (q,(n+1)) T 0% (gs(m+1))) =0, then

Var(Xursso) < Var (Xersso).-
(iv) If p=q.=0.25and g = g, = 0.75 and the sample size (n) is odd,
from (2.7) and (2.8),

Var(Raorsso) = 15 ("5) (0% (@) + 0 (qsn1)) =
Var(XPRss0) — % (nT_l) (0% 1)) + 0% (g+1))

then

Var(Xorsse) = Var(Xersse),
Ifp=9g.=0.25and q = g; = 0.75 and the sample size (n) is even,
from (2.3) and (2.5),

n
j— 1 —
Var (Xorsse) — nZ i, Uz(ql(n+1):n) + Z;;EH 02(q3(n+1):n)) =
2

_ ;2
Var(Xeasse) = — (Bi_1 02 pnenym) + iy, 0% qmr1ym))
2

then
Var(Xorsso) = Var(Xeesso).
3. Simulation Study

Based on 30000 replications, a computer simulation is conduced to study the behavior of
the efficiency of the sample mean using RSS, PPRSS, ERSS, MRSS, QRSS, PRSS with p =
0.33 and 0.8, DRSS, QDRSS, PPDRSS with respect to SRS. The sample size n should be
kept very small so that visual ranking errors will not destroy the gain in efficiency. Random
observations are generated from (1) Standard normal distribution with (u =0, 6?=1) (2) Beta
distribution with (a =3, g =3) (3) Logistic distribution with (« = —1, f# =1) (4) Exponential
distribution with (2 = 1) (5) Gamma distribution with (a =1, =%) (6) Weibull distribution
with (1 =1, k = 2),were generated by the (MATHEMTICA) package. Samawi and Muttlak
used 5000 replications in their paper because of that the replications were extended to be
more than 5000.

The simulation results are summarized in list of figures from Figure 1 to Figure 6 for the
performance of the samples means for the sample sizes n =6, 9, 11 for one cycle (m =1). The
results of these figures show the relative efficiency (the ratio of the variances) of the
estimators of the mean relative to SRS.
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0 = PR |
> G

Relative Efficiency

PPD ERS PRS2 RS QRS PR5Y MRS PPR DRSS QOR

Ranked set sampling methods

Figure 1 RE for standard normal distribution with (« =0, ¢?=1)

For Standard Normal Distribution:
o Regarding the sample size n, the efficiency of the mean estimators using the ranked

set sampling methods increases as n increases for almost results.

e Figure 1 shows that estimating the population mean using QDRSS is substantially
more efficient than the other methods and ERSS is less efficient than the other
methods.

o For almost sample sizes, MRSS is more efficient than RSS, ERSS, QRSS and PRSS
with (p = 0.33 and 0.8). While DRSS is more efficient than RSS because it:s a two
stage of the RSS and give more accurate result.

e The results for RSS, ERSS, MRSS, QRSS, PRSS with (p=0.33 and 0.8) and
PPDRSS are very close more than the results from PPRSS, DRSS and QDRSS.

e The population mean estimator using DRSS is more efficient than the population
mean estimator using PPDRSS.
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PPD ERS PRSEZ RS QRS PRSY MRS PPR DRSS QLR

Ranked sel sampling methods

Figure 2 RE for beta distributions with (a« = 3, # =3)

For Beta Distribution:

Regarding the sample size n, the efficiency of the mean estimators using the ranked

methods increases as n increases for almost results.

Figure 2 shows that estimating the population mean using QDRSS is more efficient
than the other methods and ERSS is less efficient than the other methods.

For all the sample sizes, the results for RSS, ERSS, MRSS, QRSS and PRSS for
(p =0.33 and 0.8) are look constantly.

The population mean estimator using DRSS and QDRSS are more efficient than the

population mean estimator using RSS and QRSS respectively.

n
=]
I

& B

g
A

Relative Efficiency

PPD ERS PRSZ RS QRS PR3 MRS PPR DRS QDR

Ranked setsampling methods

Figure 3 RE for logistic distribution with (a = — 1, f = 1)
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For Logistic Distribution:

Regarding the sample size n, the efficiency of the mean estimators using the ranked
methods increases as n increases for almost results.

Figure 3 shows that estimating the population mean using QDRSS is substantially
more efficient than the other methods and ERSS is less efficient than the other

methods.

For almost sample sizes, MRSS is more efficient than RSS, ERSS, QRSS, PRSS with
(p =0.33 and 0.8) and PPDRSS. While DRSS is more efficient than RSS because it is
a two stage of the RSS and give more accurate result.

The results for RSS, ERSS, MRSS, QRSS, PRSS with (p=0.33 and 0.8) and
PPDRSS are very close more than the results from PPRSS, DRSS and QDRSS.

s — 15
22 [ n 9
20 - LIl

Relative Efficiency

PPD ERS PRS2 RS QRS PRSYT MRS PPR DRS QDR

Ranked set sampling methods

Figure 4 RE for exponential distributions with (41 = 1)

For Exponential Distribution:

Regarding the sample size n, the efficiency of the mean estimators using the ranked

methods increases as n increases for almost results.

Figure 4 shows that estimating the population mean using QDRSS is substantially
more efficient than the other methods and ERSS is less efficient than the other

methods.

For almost sample sizes, MRSS is more efficient than RSS, ERSS, QRSS, PRSS with
(p =0.33 and 0.8), PPRSS and DRSS.

The results for RSS, ERSS, MRSS, QRSS, PRSS for (p =0.33 and 0.8) and PPDRSS
are very close more than the results from the other methods.
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Relative Efficiency

P

Ranked sct sampling methods

Figure 5 RE for gamma distribution with (a =1, f = %)

For Gamma Distribution:

This figure looks like figure 4 for all the methods because gamma distribution with
shape parameter o = 1 and scale parameter £ is an exponential () distribution.

Figure 5 shows that estimating the population mean using QDRSS is substantially
more efficient than the other methods and ERSS is less efficient than the other

methods.

For almost sample sizes, MRSS is more efficient than RSS, ERSS, QRSS, PRSS with
(p =0.33 and 0.8), PPRSS and DRSS.

The results for RSS, ERSS, MRSS, QRSS, PRSS for (p =0.33 and 0.8) and PPDRSS
are very close more than the results from the other methods.
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Ranked sat sampling methods

Figure 6 RE for weibull distribution with (1 =1,k =2)
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For Weibull Distribution:

This figure looks like figure 4 and figure 5 for all the methods because weibull (1, k)
random variable is an exponential random variable with mean k. Both the gamma and
weibull distributions can be seen as generalizations of the exponential distribution.

Figure 5 shows that estimating the population mean using QDRSS is substantially
more efficient than the other methods and ERSS is less efficient than the other
methods.

For almost sample sizes, MRSS is more efficient than RSS, ERSS, QRSS, PRSS with
(p =0.33 and 0.8), PPRSS and DRSS.

The results for RSS, ERSS, MRSS, QRSS, PRSS for (p =0.33 and 0.8) and PPDRSS
are very close more than the results from the other methods.

4. Summary and Conclusions

In this article, A comparative study for RE of the sample mean using RSS, PPRSS, ERSS,
MRSS, QRSS, PRSS with (p =0.33 and 0.8), DRSS, QDRSS and PPDRSS with respect to
SRS is discussed. Based on the simulation results from the comparative study, the findings

may be summarized as follows:

1.

Regarding the sample size n, the efficiency of the mean estimators using the ranked
set sampling methods increasing as the sample size n increasing, especially appear in
symmetric distributions.

All the ranked set sampling methods are more efficient than SRS, the results given in
list of figures confirmed this fact.

The QDRSS method is more efficient than the other methods which can called the
best method for estimating the population mean.

The ERSS method is less efficient than the other methods which can called the worst
method for estimating the population mean, especially appear in asymmetric
distributions.
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X1 X 2 X 3 X 4 y 1 y 2 y 3 y 4 y 5
Pearson 1 -083 | .408 | 384 | 402 | -371 | 276 | 162 | -234
X 1 Correlation
Sig. (2-tailed) 171 .000 | .000 | .000 | .000 | .000 | .007 .000
Pearson -.083 1 -040 | .037 | .030 | .052 | -205| .162 181
X_2 |_Correlation
Sig. (2-tailed) | .171 510 | .537 | .626 | .393 | .001 | .007 .003
Pearson 408 | -.040 1 098 | -.089 | -208 | .258 | .161 -.286
X_3 |_Correlation
Sig. (2-tailed) | .000 | .510 103 | .139 | .001 | .000 | .007 .000
Pearson 384 | .037 | .098 1 | 328 | -237 | 053 | -110 | -.021
x_4 | _Correlation
Sig. (2-tailed) | .000 | .537 103 000 | .000 | .381 | .069 723
Pearson 402 030 | -.089 | .328 1 -099 | -.142 | .157 061
y 1 |_Correlation
Sig. (2-tailed) | .000 | .626 139 | .000 103 | .018 | .009 316
Pearson 371 | .052 | -208 |-.237 |-.099 1 137 | .186 260
y 2 | Correlation
Sig. (2-tailed) | .000 | .393 001 | .000 | .103 023 | .002 .000
Pearson 276 | -205 | 258 | .053 | -142 | .137 1 098 | -.450
y_3 |_Correlation
Sig. (2-tailed) | .000 | .001 000 | .381 | .018 | .023 106 .000
Pearson 162 | 162 | 161 |-110| 157 | 186 |-098 | 1 172
y_4 | _Correlation
Sig. (2-tailed) | .007 .007 007 | .069 | .009 | .002 | .106 .004
Pearson 234 | 181 | -286 |-021| .061 | .260 |-.450| .172 1
y 5 Correlation
Sig. (2-tailed) | .000 | .003 000 | .723 | 316 | .000 | .000 | .004
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2017 Jsawd 27-25 (e 8l B cilblead) Eigan g ulal) agle g slaadld Cpmnadd) y (AEY (5 giad) gl

E[(Z, - Z, —
ab o 8 Al jed (RACE) L0 Gl LYl s usans, o, = [, ?2( s ~H)] :%
gl plast £8)pae las)

Lo Sl JA2 s

ce-.l\ A
e s g pall ) 3Y) e Lo Jgadt & Gl ULy &) 11 Sl shaeY Znegl) At Dbl Jo Sl i
SR ey Lo edadly (J a3 SlasW e e e A B e Mol gl =) | lasre (1434-1417) 55
a5l
(SPSS, Data Fit, Easy fit) asla>Yy 4y5uld )«S\ oan DNs e AV L 544l
W\ ub\);\ el : J‘
Dol by CoE7(1434 -1417) e 553 D s Salang gl Ll 515301 e 5 palall Gyt Dlelas ) ) 652
(Do 3 P30 528 g Bl iy 1)
(1434 -1417)5 3a) SV gy L) En)od) slacl (1) Jguer
ol 1417 | 1418 | 1419 | 1420 | 1421 | 1422 | 1423 | 1424 | 1425
Snlgdl s0c 7351 | 8095 | 7932 | 8274 | 9273 | 9521 | 10801 | 20042 | 18447
ol 1426 | 1427 | 1428 | 1429 | 1430 | 1431 | 1432 | 1433 | 1434
ol sse 22348 | 19550 | 20553 | 22954 | 25289 | 29469 | 27794 | 30530 | 31279

RGN GRS Laj Loaal) Sl Ll Fitting of Distribution dw}J\ Jle CJ)J\ o L3 L WE e 2l
Johnson SB Distribution LR Cag e
2 5 )aly o 3ol 13 Al BSI A oy (6>0 , 4> 0, .80 i

1 1 z Y
f(x) = A J2r 20-2) exp{—i(;w&m(zj}]—)@)

:Oi awlll o L Qj\..f\) <X <§+/1 19d d\‘o-\/\ t)jl\ 3% O‘\} Z =ﬁ S

A
,y=0.02976, &=0.4322, {=5955.4 A=25230

G Al S3lsb s o g iy Lmgo Tay 61 (g B e i B U 0l Sl 0 o LS (2050 e
G ke 2 e L‘f““’wvﬂjéuxmﬁﬂ b £ oy ol 38 oy ISl Zond) 8 55l 33 )
wo\ , Ly Aol yll s L C)}J\)\J.aux.\a’&bbé@d\wyw uzj\wwjj\bj‘dﬂwy Ol graad)
S L
g M Stk Lol L ao ) Lyl (2) Jpuer

ol Js | A s | Gl B2 | Ll bl | gl B8 | i e

-1.528 0.045 8664.76 18305.67 329502 31279 7351
S gl Jlod

(phase) skl 4ol C«M 393 oy e Jgad! ) Cug daell ddldl s )
758 2 IS ol Sloglan o slae¥b el s 7y id 2y 2358 sl (o Gl Al L1 Bl

e Ziag Al BT ool oy 885 ST s o Uyl o il i) 3 5550 sl s 3 ool f sl 2L )
teT dol oo Xl W sen Sy Syt ol o Gl i sl 5 0t o6 S 163 Jir oo b
ot (A7) el 2pple Ty Sl e plualie i Gy el LAl Zalsy g Sl i 35 (2009 2G)
S o LY o ol shacly Aol Gl Al e 225 (1)K Jel LI oy Al a8 B b
ard) sl e gl il 01 Byl ) o8 s o slly Akl Trend pl o) 55
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2017 Jsawd 27-25 (e 8l B cilblead) Eigan g ulal) agle g slaadld Cpmnadd) y (AEY (5 giad) gl

R e |

algamd) atae b Tuolid) Aude 331 Aty Loy (1) Jusa .
posiad Gy Lyl g SUL Gloal) Blap) LYy o) 2ol syad 3 g 5 ) ol 81 e W Gl iy
Clive and Granger,2004) ru\ ) ALY o = 0.05 4500 (syre 1o Wallis-Moore yuls 50 J k;;}J\ Bl &y b
(George and Canavos,1984;

CHL =0 o Wlse e Sy i Col s UL H g i B

Hi i p> 00yl g blas dase Sbly Eoudl up SELI : H il Lo 3)
G oo lean e ol Slialin @8 7k 5 gl (D) 55 AN 581 2 By i) ¢ s e il
baeb 5 Jlyie gz o0 o Ue ) =13 gl (Dbl Sl se o e (slly (2009 86N 322 5o sz

n-1 n+l
o0 ade ot LW G ol sl b (n < 30) ooy (Larsen and Marx,1993) é/ ~N [_ _j

2 '
‘;_ 1 1 ‘13 18—1‘ 1

) _=

_3.1789 —(7)
n+1 18+1
\/ 12 \/ 12

P 5% dyae Gy xo dod il 05y oy ol g3 Lisd pasiad G il Lol wr\c ol £ gy LhasY Ll g,
1.64

Bgme sy v Hy dhadl 2l Jay Hofaa 2ol s o e oy Zoos < TG o 2wl
(sie dage ) a3 SWL of & @ = 0.05

(&ll 35,8030 35,81 (3) Jser

plal 1417 | 1418 | 1419 | 1420 | 1421 | 1422 | 1423 | 1424 | 1425

a0 M Snled | 2ue 7351 | 8095 | 7932 | 8274 | 9273 | 9521 | 10801 | 20042 | 18447
Sig (X, , X, )" + - + + + + + -

pla 1426 | 1427 | 1428 | 1429 | 1430 | 1431 | 1432 | 1433 | 1434

Gy M Soldlane | 22348 | 19550 | 20553 | 22954 | 25289 | 29469 | 27794 | 30530 | 31279
Sig (Xt+1 X )" + - + + + + - + +

G 82501 G Lyt oéliles Jo Whas (1)J5ab) Sy e SPSS el Aoy ACESU Lls¥1 dls s s
g )\.»% Adadl cpan e s Wy Byde Ko aslis JUIl Llsy) dls o a3 (2) 058 e IS (4)d04
343 dpedl, 196 Al A L 95% i sie K=10,Y sedl we GUl blsYl ok

- - > - - £ & r X
St wsy K =1 s Ly Selas plas) s iy a8 gl i) o oy [Z ) = —=] o
NES
s Jsl WS Mgy (6 352l o Gl LWt Obulas plas) g oy 0.229 diped) 43 d K =6 e 154
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2017 spamsd 27-25 (o 5 AR & clland) &g qualad) agle 5 plaadl Caadll s (A (5 ghead) a3l

S ey a@lall Shlasl o S b Ol Al B e LM (1) 080 ey Auslll 3ol s Sl 3 Bagl Al
Sl o s gl A0 L SOURPPSPRER LI G AR O UG Gp e 3 ) aldoll & o)
o ol 1o K e i 3202 e 3 Al il 00 Syl 3 Sl o AU Al L) L
(Granger,1977) C;\_gl\ o) plasil e el ijf:j\ » M\ ijbs\ Ol skl & pludie Gy il

S bl SMslas (4)J g

Lag 1 2 3 4 5 6 7 8
0.808 0.669 0.502 0.334 0.200 0.054 -.092 -171
Auto Corr
(0.000) | (0.000) | (0.000) | (0.000) | (0.000) | (0.000) | (0.003) | (0.000)
Lag 9 10 11 12 13 14 15 16
-.274 -.335 -.442 -.419 -.397 -.357 -273 -.200
Auto Corr
(0.000) | (0.000) | (0.000) | (0.000) (0.00) | (0.000) | (0.000) | (0.000)
§ o .0 r DD::(:’
=il HE=
D 25 .~ = = =
O
T 2 3 4 8 & 7 & 8 10 11 12 15 1% 1@ V1o

U 73 gadll B gall  S0AN Jala WY ADNy; (V) JSS

&uj\ W\ rU\ 0\4‘:\/‘ J‘a&;}.ﬁﬁ

(Y rp\ .é.)f}n w{;«\j-ﬁ) ﬂai\ J—M é D\}».‘S'- u?”}“j (.f)j*‘m J\Jjﬂ\ &j i&a uoju.: g.}j,..u T (t) r\a.“ ou\/\ jsa.& J.\Z.J
s Gl e Ol i) 2l bl 1 Gl b s o s il ok 3y & =T (1) + 129550l S,
Dol o ol ol e s 3%y (g y5nl) sl el SEY1 s L 3 ds) & o iyl B e o)
5 821 g B Sl 3 Al 38 DL Ty Lo Wb G 576 3 ) kol o U i e L e
UM PR A R SEROS o ey gyl Olpadl iy Kool T Adlsall Ol Lo e Y ru\ oY) Las ol
.(Hamilton and James,1994) i3l ddodl UL fitting curve ove s e oy 1y cdulyll i dlddt L)
ST AR ey A8 e S Olall &y b e Tale! ol adsn ps ) «Curve(Data fit) Gohj prsid U ARENEW I
g 0BV 735t dlas s oo Bl Sl 28 ST s # iy YT o) (gl Tkt 53 ol e sl o5
12 8,0 ,C (3:45) § 7 dbolasd dpydl ) o Lol s ol s
a=13.416, b =3667.719 , ¢ =25038286.026
594 Jas M 73,8 5l

T (t) =13.416t 2 _3667.719t + 25038286.026

225958y (RT = 0.94 ol Jolasy 1 =0.967 Lls) Llag, S =94.04 gl ez
bl sep M dy < d e, d =116 , d, =139 i, d=1592: 5 jlasV iy - L)
el Al o3 PN 8 225 (3) Sl 5 e = 0.05 dygino (e o Hp Gl 101 () Lsiy Lo
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agad! e

I SO
Auyanll Salaamdt alacY alali slaa ¥ (3) U

Gga ke (5,0l il 48
odd & ol D) 2V 2o QH\U ru\ YV ey dhaiy 3y (Residual method)é\rﬂ Gy loy (gy9d) el ui:
G =TE)+C@E) +1(t) > (8) s, e tddl 1 Gyl ) oy il
=G —TO)=C@E) +1({) >(9) 5,al w8 S sl
oda el (N<30) Comy (Sl aally Lol lo il gy el dladdd S 73,80 ooy BV o S
G Slaldl sse ag) gl amy o P =5 5l s 875,535 Jolal Rl 1yl 21l Slizadt ) o8 Lo ot aldd
o5 d‘“ﬁ (Halberg Cosine method) @\AJ f\;\!\ e Qb (P (5l el i Al &y lall ol Clb e el (590 K
Y il ey (Hamilton and James, 1994) s @) o0 s0e e
C(t) = u+A cosiwt +w) — (10)
Oy a, 6 , € oAl N U= 0 ks L o1y Residual Values 3 i) f\a} dawgl) i S H e
S 3y S A e W i) B A U Qi 8 8 g, e (2) W e K
Gl de ) o1 Sy ol e Al Aol Aty () L) 3y, W= 2{ =1.257 ;i fw= 2?”
o Xy Gl s de sl g1, Ay ) s oy el Al e e 33,500 Bl Sy e (8 pglen W 5Nl
053 38 5yl el Sk S b oy il S UL o) gl ol By X3l gy X i
B, o, sl A )y el ) e esasll el 2 N oy sl ld) Sl ) el
Al ie e WL A es 4=-1.36x107 4, Ue 4 =-136x107 , A=93524,y =-1.431
12 C(1) ) 4S50 5,08l Al o o sl
C(t)=—-1.36x10" +93.524 Cos (z/2t —1.431)
Ity iy ) O3l slaeY o) dadd ) Sl sl (phase) lall 3l 73580 del) Bl o LM e Lo o sl
45V daall
£ =13.416t% —36676.862t +25038387.436—1.36 x107" +93.524cos(7/2t —1.431)+1 (t)
738 By 14345 1425 oL 33 &) T LS sllaall 2l dd L) Byl jlald 5560 LAY s0Y bl Do ey
iy § =101.83 (gl Wbt 18" (32050, 17281) il o (@ el Al 11 Glpdl gl JSa0 3152
3 L gy b canmn W8 gl LA Slpsall Ll By cad) Ll 2 ol Wiy L (31279, 19342) p oulal g dadd
rells 25 (4)Kally 5l (3 73581 i lelagur)
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G Ayl Dol sse o1 sV (5) UK ey (Al cnaswnd G 5l Sl o (gl Wb 38 Al o 5l ol
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l

| | | | | | |
| | | | | |
| | | | | | |} | | | |
J I | L | | | | I | L L
| 1 | | | | | | I | I }/ [
| | | | | | ] | | | | |
| | | | | 1 | I | | | | 7\
b | | | | | | | | | I ! e 4%B0
v BERESE TN 'REEN MRS 7SS SNREST MRS TERAEY RN R T #---;/——r-
o | | | | | | | | | | —-—_ \ '
| | | | | | | I | | - | |
-
| | | | | | -"T |
4 e o e 17 [ S S e ,
’ | | | | | | | | | |
d | | | | | 1 -+ | | \ |
1 | L sl comadil | \ |
| | | | | | | | ' | ' i ) | {
| 1 I )’ | | i | | | |
L e s e < = \ | | | |
I | I | | | | |
i 1 i i i

ATV
Lg)tt coslgandt st 3l adll agedd! (5) S
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o Sl LY 13y L ol sleY &) Sholas W p (5)Jgad) oo (1434 -1417)

SN 3 &y g M Enlsd | alael (5)J g

ol 1417 | 1418 | 1419 | 1420 | 1421 | 1422 | 1423 | 1424 | 1425
bl sae 369 441 492 513 584 479 422 494 538
ol 1426 | 1427 | 1428 | 1429 | 1430 | 1431 | 1432 | 1433 | 1434
Sbla sae 526 470 485 407 508 694 714 727 884

S5y Q) e Ollol L S 31, A ol sliel, Aol dell fldodl JLatv 225 (6) JSCall Jell (LAY o A

055 Lo o3l iglial A0 jpqb Lo b S Ky 1 Sl s plall gl e 33l Kol) dledd) f5s Trend ple ol
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2017 Jsawd 27-25 (e 8l B cilblead) Eigan g ulal) agle g slaadld Cpmnadd) y (AEY (5 giad) gl

B s M a0l o Bl apm Wy Gl psedl e Caelaas Sy 1430 Sl e Ty SULoYI sl T (6)JSCall 65 e Ly
pasd Ayl a8 DB Blsaall blswt Jlas Yy daell O jpdlly A3 LS5 Sl al dNs e Solbl o ol o) b
(Hazdl Shladl sse ol Lo (6)Jgir oy oWl dEVE 1 ALY @ = 0.05dpm0 e e AV 5,4 b
Gagl) Aol e o) 3y WY LT gy L(7)2, BMa o Lo Sy (S Lo Vg pud) 55 1 38 b & =12 (gl
1.64 B 5% fyyme Sy s o ) Elaill S0 ol ol 53l pasid iy sl

Sea we Hp b oy i, Hp dadl 22l gy b Jo ooy Zp <TG ud aju,
Al o ol Al (o S)egan st 1Sy (lgie Basye 2l a8 OB o f @ = 0.05 550

(3l 55 AW 358 1(6) Jyoer

plal 1417 | 1418 | 1419 | 1420 | 1421 | 1422 | 1423 | 1424 | 1425
bl sue 369 | 441 | 492 | 513 | 584 | 479 | 422 | 494 | 538
Sig (Xeiq + %) + + + + - - + +

plal 1426 | 1427 | 1428 | 1429 | 1430 | 1431 | 1432 | 1433 | 1434
bl sue 526 470 | 485 407 508 694 714 727 884

Sig (X, »X,) - - + - + + + + +

Gy Al b el At Ll el &l SO (7)Jpoer G 221 Oy G Lyt S Melas ammis N5 0
Jls ey e bopade a0 aslits G Bls¥ dls o a3k (5) Jpad) bl o SPSS ool dlansly ACF G byt dls
Gyl A S 0506 D5 K =1 W sl e G blsy) Oblalas plasi st s 18l el dlded 2 an fe
K =1 s Ll ool plasl &z p s, iy Gl o ST 2yl &) o oy 1,96 2,01 38, 3.084
s3e Joll LS iy « ol 5 e G bt dllas ol G ey 0.127 4.2 i@ g K =5 e b,
U o s Uy ol 6 i )3 gzall an Sl 03 degll dldld)
S bl SMslas : (7) Jgoer

Lag 1 2 3 4 5 6 7 8
0.727 0.465 0.245 0.072 0.030 -.015 -.067 -.094
Auto Corr
(0.000) | (0.000) | (0.001) | (0.001) | (0.003) | (0.007) | (0.013) | (0.020)
Lag 9 10 11 12 13 14 15 16
-.110 -.130 -.164 -.190 -.214 -.300 -.299 -.268
Auto Corr
(0.029) | (0.036) | (0.036) | (0.028) | (0.01) | (0.002) | (0.000) | (0.000)

gy LoV 3 jolial i o gl Akl L1 31y (phase) 5l i,
1.:2»)“ w rLJ\ a\é"\/\ B J‘..\ZS

Adedl L ) as et T oo (7) S8 N ey T (1) WY e iy g ) Ol iy
:s» Curve(Data fit) @t} r\,\;‘c..‘ﬂ\; dxe3))

wm "un ury wn

Ol g
Wlo¥1 D13 Galgad| slac slall slad¥ | duso e (7) U8
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2017 Jsawd 27-25 (e 8l B cilblead) Eigan g ulal) agle g slaadld Cpmnadd) y (AEY (5 giad) gl

T@t)=at* +bt’+ct*+dt +& —» (11 ilee sl
i a,b,c,d e Sl o edl 2 ot e
4a=3.8M1x10° , b=-21.52086 , ¢=45167.999 ,

d=—-42119619 .28 , &=1472412340 0.3
15y5all oy Jas Ml 725 o A e el
T(t) = 3.8441 x10~° t* — 21.52086 t° + 45167 .999 t? — 42119619 .28t +1472412340 0.3
2o 38 oy (R* = 0.842 sl Libasy F=0.918 Ll Jelasy S =83.04 1ojliie iy il glen
Yo i ey Ay <0 ol ey dp =116, d, =1.39 4, d=156 :p Jlamdl 5udy - ) o
Alded) o3 ol 221 o L3 Tl 83 ey . = 0,05 ygens sy e H Gal) il 3] lsby Lo Lo ey
Aosld) all Slgedl IV & gk oy 305 eg A7l Al Ko g dayll
Gl ddedd ()0 l) pall s
3 et fa Gy 3 o) il 13 o Slpdadll sl ol bt ll iy s ppal) il s S e L Bile K,
A ol pall T 21k ¢ il
ot le 1=—0.0001847 :p p1 i i o s P(t) = £ + @ COSME +y) 23 3 il
A5 ddl) e 205 Wi ) AS ) e 3 s, = 4.632 (@ =18.735 g 4, w= 27 _ 1.257
; 0

p(t) = —0.0001847+ 18.735 cos(L.257t +4.632)
Ol Solghl shaely ol Lasll dddd L) Byl (phase) gl il sl sl daall o ad (8) olall 3 el
A 5 all 26l LY
£, = 3.8441x107°T * —21.52086T ° +45167.999T ? —42119619.28T +14724123400.3 —0.0001647
+18.735 cos(1.257t +4.632)

(8) Sl ol i Aol L1 (Blyal) skall 5,08l Sl oY ey o Lo o 2l

- 873
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Slalyl el
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\
|
1

Slgaaad)

Wl ¥ O1d Salgand] alde Y 35aall Sl slual | ani (8) U
o2 gy Lo gy Jaly gall o a3l (9) JSCall (3 22l Al Al 5l (Slaall jphall 3,320 ) oY bl ) IS
Ld o) el Sloaall jghall Gy cad) oz
3 (3 s g Lol (3 By 2 camt
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;‘ ; i 155 pe . % - - -
} »
j i ooz
i I s @ i
\] 4 |' - adan. S B — -~ 4 -
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(ool o) 21443 ol oo (3 ol (849) (o ) sl ol @,.L\
oM A3 Syt 2o el Zeadld sl o) BB
& ol b Jo b2 1 Lo LY 4L ld Sl 2laeY &l ) Bpme Bl s Jie (3 dagl) Jlsal) oy
Sl saeY Al el ) ez B)pably 5l sy AL Ry Radllly oy A By 35 (sney donf) oin

bl Oy
WY Ol e 1 sl sl dpll ) (8) Jpoer
r\A\ 1417 1418 1419 1420 1421 1422 1423 1424 1425
Sblod) ds 5.019 | 5448 | 6.203 | 6.200 | 6.298 | 5833 | 6.015 | 2.581 | 3.089
r\A\ 1426 1427 1428 1429 1430 1431 1432 1433 1434
Q\g\p}!\ dd 2.469 2.528 2.478 1.843 2.092 2.462 2.707 2.528 2.826

o 18 el 25y ol (s Tudne el ) o Sl ol o ] et LYY Ay o (10) 8 3 Gl o)
21434 21 e Sl oYl Ol Sl slaeY &) el o 31 s &1 A1 Sl oS b O3 Llial Ko pb
) Slasy B By Jae skl Jlsall Jan Bl ) e 8 Vg (oo S0 L plos W il

13 == = >
g N y \
‘ ~—r
? p
: '.
\ M3 \
g .
A M 3 \
3
3. af \
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] ot S 1
- DI ey . T
E i
S
N 1 1 L L 1 1 L L 1 ! I 1
ui i us uw u un un W ux wx war un un wo w urg ®n M
Syl

lo¥ 1 013 Sslgad! A HLaa¥) (10) S5
o ALY W 5 day b plassal SLLA Slosall LLsy 1) (9)Jsoer x4 5
(At 35 8N 30 35,81 2(9) Jgoer

olal 1417 | 1418 | 1419 | 1420 | 1421 | 1422 | 1423 | 1424 | 1425
Sl cd 5.019 | 5.448 | 6.203 | 6.200 | 6.298 | 5.833 | 6.015 | 2.581 | 3.089

Sig (X1, %) + + - + - + - +
olal 1426 | 1427 | 1428 | 1429 | 1430 | 1431 | 1432 | 1433 | 1434

Sl cd 2469 | 2.528 | 2478 | 1.843 | 2.092 | 2462 | 2707 | 2528 | 2.826
Sig(X.1,%)" | - + - - + + + - +
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2017 Jsawd 27-25 (e 8l B cilblead) Eigan g ulal) agle g slaadld Cpmnadd) y (AEY (5 giad) gl

(7) dslall Gy 3V 30 dpedt &8 oL U (=105 (Piesl) Shlal sse ol Ldh (9)Jpad! ey
Llad gl ¢ oy TG < Z, g 1lilly. 164 (2 %5 Gyme (s5e e 2o b iilail) 6, TG= 0.7947 5

I asled) G Ll Sllae amis M ey 3o 1S5 @ = 0,00 s e Hy dpad) o il ) by
Al Al s Jal s gy (10) e (3 1S Logoe
QUM Ll &dlelas f 51 (10) g0

Lag 1 2 3 4 5 6 7 8
0.835 0.705 0.485 0.280 0.061 -0.138 -0.289 -0.338
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Statistical Indicators of Traffic Accidents Using Time Series Analysis in Asir (KSA) during (1417-1434) Hijri
Mohammed M.A Almazah® and Esmail H. A. Alsabri ©
Mathematics Dept.,College of sciences and Arts (Muhyil), King Khalid Unvi., KSA; Ibb Unvi., Yemen.

ABSTRACT

Traffic accidents constitute one of the biggest safety threats facing community and have G big impair on
its maternal and human resources.This research provides a time-based statistical analysis of the number of
traffic accidents in Asir Region during 1417-1434 hijri (equivalent to 1996-2013), with a focus on determining
appropriate probability distributions of the data. It then gives an estimate of the random phase generating the
time series in order to reveal the current condition of accidents number, predict future expectations, and
anticipate the future behavior of these phases based on a prediction model. The scatter diagram of the time
series has revealed a vibrating movement somehow close to harmonic vibrations which represent a cyciicai
compound and also lack of seasonal compound. It has also been revealed that the appropriate model to display
the time series data is the aggregation model. The generai trend compound came in the form of non-linear
models: that is, the prediction model is non-linear. The results of this research can be considered as an
assessment of an important period of time in the history of the rate of traffic accidents and casualties in the
region. It has been observed that the number of traffic accidents and casualties has been growing, and is
expected to increase to about 66173 incidents by 1443 hijri (2021), despite the expected decrease in the rate of
traffic casualties. In addition, the study has pointed out factors which have an active and influential role in
traffic accidents rates. It is hoped that this study» in its both theoretical and practical sides- would encourage

researchers to apply various predictive models to discuss this subject sta.
Key Words: Aggregation model, Casualties rate , Harmonic oscillations

Nonlinear Time Series , Traffic accidents.
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