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Abstract 
 

By integrating business transaction or traditional data with the data from any social sites, any 

business company can achieve several benefits. To do this data integration, Record linkage or 

statistical matching is the classical procedure. In this paper, the Felligi-Sunter mixture model 

(Winkler, 1988; Jaro, 1989; Larsen and Rubin, 2001) has described, which based on the 

classical Felligi-Sunter (1969) method for bipartite linkage (Sadinle, 2016). Besides this, the 

Beta record linkage approach has also described on the bipartite record linkage, which is a 

Bayesian estimation. 
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1.  Introduction 

 

 

Within last few years, big data has expeditiously became into a torrid topics that draws huge 

attention. Many industrial organizations, academia and government sectors have attracted by 

BIG DATA as the fast expansion of internet and internet related things have accelerated the 

explosive enhancement of data around in all business and industry region. Recently, this 

attention has placed into the integration of this big data. Data integration provides more 

aptitude to produce more separate statistics more timely at a higher prevalence than other 

traditional procedures. 

All Business industry has two common and most important concern about their present and 

future. That is, how to protect company from loss or how to increase profit. In recent times, 

people are expressing their feelings or thinking through the social media. Business industries 

or companies can bring the information out about them from there for emphasizing their point 

of interest. If we think about the new rising public transportation service companies in 

Bangladesh, some of them are also connected to the social networks by their company name. 

As, many companies has their own Facebook pages, twitter account etc, that is open for 

public with feedback option. Here, people can talk about the activity of the company or 

expresses their opinion about the service or any other things related to the company. 

These Companies can aggregate their data with the social data sources and find out: 

 

 Their regular customers or users rather than the followers on social cite and update 

their customer service by creating alerts for feedback or helps of these users if they 

use certain words on their social site.  

 

 Which of their customers are more active or effective or influential in that social site 

(based on followers or friends, likes or comments), and more effectively targets the 

advertisement or attractive offers to their accounts, so they can share it to others 

those are not the user or the follower of that  

 

company. 

 Maybe that customer is dissatisfied with the slow driving or bad behavior of the 

driver. By the using of geolocation metadata probably installed in each post, 

companies can see in which area, the service is not as expected most and take the 
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decision to solve this. 

 

 

Several questions have risen within this topic of data integration. One of the most important 

is how to aggregate two data sources and what is the benefit. In this paper, the main focus is 

on data integration techniques at the statistical point of view. So we will try to illustrate the 

recently implemented record linkage procedure to integrate business and social data.  

 

 

 

                                 

 

 

 

 

 

 

Figure1: Basic idea of integration 

 

If different data sources will integrate, then companies can extract more operative 

information that could rapidly increase their business successfully. So integration or 

combining of data sources is more dynamic. This is pointed out in a recent project. 

(Reference: Project 2016 under the High-Level Group for the Modernisation of Official 

Statistics). For the year 2016, project structured into the following seven work packages: 

 

 

 

WAP0: Data sets for common approaches 

WAP1: Integrating survey and administrative sources 

WAP2: New data sources (such as big data) and traditional sources 

WAP3: Integrating geospatial and statistical information 

WAP4: Micro-macro integration (inactive in 2016) 

WAP5: Validating official statistics 

WAPA: Synthesize lessons learnt from new working methods 

 

Source: 2016 Modern Stats data integration project 

 

 

Administrative data may be integrated using model approaches or use record linking or 

use statistical matching. Essential activities are to select the data sources, defining a case 

from administrative data rather than survey data, design the expected output and the 

evaluation of the statistical outputs. 

A     B      C         ?      ?     
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Work package 2 or WAP2 gives spotlight on integrating the new data sources such as socio 

media data with the traditional sources as business or industrial data sources. Here a specific 

source of new data should define, that will use to extract the information and traditional 

dataset should also define to integrate with such information. 

In this paper, we will try to integrate the social networks data with traditional data sources 

using Statistical record linkage procedure. 

 

 

1.1.  Purpose of This Paper 
 

 

The main purpose of this paper is to describe the statistical methods to integrate the 

traditional data with social data, their limitations and the potential solution of these 

limitations. 

We are going to describe the record linkage procedure to link up these two kinds of data 

sources. We will describe basic Felligi-Sunter (1969) method with Felligi-Sunter mixture 

model approach (Winkler, 1988; Jaro,1989; Larsen and Rubin, 2001) and Beta record linkage 

(Sadinle,2016). Since, Felligi-Sunter method holds the one-to-one assumption that does not 

fit the real problem in maximum time, thus Felligi-Sunter proposed the decision rules that 

ignore this assumption. But they also do not hold in the practical situations. Felligi-Sunter 

mixture model can disregard this assumption. Data contains the missing value also and there 

are some uncertain conditions with the bipartite record linkage. So we describe the Beta 

record linkage method that deals with these problems.  

 

  

1.2 Outline of The Following Sections 
 

 

We describe the big data from social networks, data integration with an example of a field 

where it can apply and basic Felligi-Sunter (1969) method in section 2. After reviewing those, 

in section 3, we illustrate the exact matching (section 3.1) and the record linkage (section 3.2) 

as statistical methods. We describe the Fellegi-Sunter mixed model (Winkler, 1988; Jaro,1989; 

Larsen and Rubin, 2001) approach, bipartite record linkage and a Bayes estimation to recover 

the no duplication problem of it with various particular cases, in section 4. In section 5, We 

describe Beta record linkage method (Sadinle 2016), that is an improving proposal to the 

previous Bayesian estimation of record linkage (Fortini, 2001; Larsen, 2002,2005,2010). This 
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method deals with the missing values and the partial agreements while comparing the record 

pairs. Then, we apply the mixed Felligi-sunter method to simulated data (RLdata500 and new 

dataset) to derive the true matched pairs in section 6. 

 

 

 

2.  Background Review 

 2.1.  Big Data 
 

 

Usually, big data refers to the massive amount of data from different types of sources. But 

most important thing is that big data actually does not define by its volume but how it is 

being used. One of the common sources of data is open data source as government data, the 

European Union open data portal etc. Besides this, social media, business areas, and IT 

systems also provide a large amount of data nowadays. Social media is one of the most 

important factors in the evaluation of the big data. They store data and extract the value for 

non- statistical purpose. Big data can be structured (20%) or unstructured (80%), numerical 

or descriptive, categorical or non- categorical. 

Big data often privileged from major three verities: 

1. Machine data: data gather from business tools and network logs that track consumer 

activities online. 

2. Transactional data: data from storage records, invoices, payment orders, delivery records 

etc. 

3. Social data: data comes from social networks (likes, tweets, youtube view etc. ) 
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Figure2: Enhancement of data over 16 years 

 

From the above graph, it is clear that how randomly the global data are raising each year. In 

2005, it was near to the 0 zettabytes, but in 2017 it is almost 15 zettabytes. If it continues to 

upgrade this way every year, in 2020 it will be 40 zettabytes. This is only the impression of 

overall growing data which including traditional and social network data of my interest also. 
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Figure3: Number of monthly user of some social networks site (source: 
https://techcrunch.com/2017/06/27/facebook-2-billion-users/) 

 

It has already grown up that Facebook is a renowned social media now a day. In June 2017, it 

has come up with 2 billion monthly users which are comparatively higher than YouTube, 

Instagram, Twitter, Whatsapp, Snapchat, Messenger and Wechat. Here is some recent 

statistics on Facebook: 
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Table1: Statistics on Facebook  

 Quantity Increase year over year 

(%) 

Worldwide monthly active 

user 

2.07 billion 16 

Daily mobile active user 1.15 billion 23 

Daily log on  1.37 billion 16 

Mobile active user 1.74 21 

Europian user 307 million 

 

Five profiles are created every second 

76% of female user (total of 100% female) 

66% of male user (total of 100%) 

Highest Traffic occurs mid-week between 1 to 3 pm 

Photo uploads total 300 million per day 

Average time spent per Facebook visit is 20 minutes 

Every 60 seconds on Facebook: 510,000 comments are posted, 293,000 statuses are updated, 

and 136,000 photos are uploaded. 

42% of marketers report that Facebook is critical or important to their business 

16 Million local business pages have been created as of May 2013 which is a 100 percent 

increase from 8 million in June 2012. 

83 million fake profiles 

(Source: ZEPHORIA DIGITAL MARKETING) 

 

Besides personal use, Facebook has now been using as a business purpose. Companies are 

opening their own page on Facebook, so their customers can express their feelings or 

comments there about the company. Apparently, Facebook is producing big data as well.

According to a research, 

“Today, when a crisis strikes, your customers probably know about it — and may be talking 

about it in social media — before your executives are aware of the situation.  Customers no 

longer interact with companies in a logical progression; they bounce back-and-forth between 

online and offline touchpoints in no predictable pattern.” (Mullich, 2013) 

So, why not the new rising companies do not think about the use of these growing data to get 

benefits for the companies?  

 

 

 

2.2.  Data Integration  
 

 

Amalgamation of several data into one is called data integration. These data could be big or 

small. Let‟s imagine a big dataset with variables X1, X2, X3, and X4 and another dataset with 

variables Y1, Y2, Y3, Y4 and Y5. We can affix the last variable of information of the second 
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dataset into the first dataset and extend the volume of this dataset and this enhancement is 

known as the integration of the data. 

 

 

2.3.  Example of Data where integration can relate 
 

 

As we mentioned before about some new raising public transportation service companies in 

Bangladesh (like Uber), for example, Chalo, Bahon, Pathao etc, they can dig up the benefit of 

integration to rise up their business more rapidly. If I specifically say about Pathao, their 

service is multidimensional. They are giving bike ride or parcel transformation service too 

besides the car service within some district. Anyone with the driving license can also join as 

an employee at this company. They can grow their business in the whole country (if they 

want) by the using of combining their data with the social data. 

 

They have their own page on Facebook with 8,552 members or followers. Among these 

followers, some are the users of the service (car ride, bike ride or parcel sending or receiving) 

of this company, some are only the followers, and some are the employee. Users can 

comment or express their feelings on the page. Not only the users, followers also can suggest 

or demand their necessity through comment. But this is true that users do not always 

comment on company‟s page, they sometimes share their experience to their friend via their 

own Facebook account. If they add the social networking address of the customers to their 

data they can extract that comment about their company.  

 

 

2.4.  How to join with social data 
 

 

We are not going to tell about any technical procedure in this paper but only the statistical 

method, for example, following below the company “X” „s customers record data (delivery or 

invoice or order records) that stored in their various records system and then linked up them 

in one register by date,  

 

Table4: Customers data  

Date Cus_Name Service From To Contact_no 

1/1/2017 Hamid Ali Car Dania Gulshan 017…….. 

2/1/2017 Tania Islam Parcel Dhaka Chittagong 016…….. 
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3/1/2017 Md.Rummon 

Mia 

Bike Gulistan Mouchak 017…….. 

 

This company can add a new field in the right, e.g. Facebook Id. 

 

Table5: Customers data with social Id 

Date Cus_Name Service From To Contact_no Facebook_ID 

1/1/2017 Hamid Ali Car Dania Gulshan 017……. HamidAli 

2/1/2017 Tania Islam Parcel Dhaka Chittagong 016……. IslamTania 

3/1/2017 Md.Rummon 

Mia 

Bike Gulistan Mouchak 017……. M.R Mia 

This is only a hypothetical example. Without making burden on customer by asking the 

Facebook Id the company can combine these two data sources by the use of record linkage, 

which is my main idea in this paper. 

 

 

 

2.5.  Why This Integration of two data sources 
 

 

Yes, this is the most important question, what is the benefit of this integration, so newly rising 

companies will eager to do it? At my point of view, they can use the continuously growing 

social data to see reaching their companies at the top level, they can: 

 

 Figure out their users and followers separately. Then influence the followers also to 

use the service of this company. 

 Collect the comments of those users also who share experience on their own account 

instead of company‟s page. 

 Creates alerts for customer service for the users when they write certain words like 

help or fail over a short period of time of hiring that service. 

 Figure out those customers who are most influential or active on social media. 

 Companies can choose the Facebook accounts from Table5 for advertisement.  

 Find out the new place for business by customers eager.  

 

In this case of integration, record linkage can be prioritized as a statistical procedure. We are 

going to describe some methods that are based on one of the classical paper by Fellegi and 

Sunter in 1969. In the following section, we describe the basic Felligi-Sunter (1969) approach 

to the assimilation of two data files, which help out to gather more information about the data. 
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 2.6.  Basic Felligi-Sunter Approach 
 

 

By the Felligi-Sunter method, two data sets X1 and X2 have m and n elements respectively 

and they hold the one to one assumptions. That means, m can be linked maximum one time 

with n. Set of ordered pairs X1 × X2 is the union of two disjoint set M (matched) and U 

(unmatched), 

M= {(m,n); m=n, m∈ X1, n∈ X2 } 

U= {(m,n); m≠n, m∈ X1, n∈ X2 } 

The pair of records calls links if they estimated to be match, otherwise call nonlinks. 

Comparison between m and n perform by comparison vectors (𝛾𝑚𝑛 ) to find out they are being 

linked or not linked. Those vectors can be written as: 

 

               𝛾𝑚𝑛  = (𝛾𝑚𝑛
1, … . . , 𝛾𝑚𝑛

𝑐 , … . . , 𝛾𝑚𝑛
𝐶) 

 

To make comparison between the records that they either match or not, some scales is needed. 

Here, C represents the number of scales used to make a comparison. One comparison 

correlates to each common field between the data files. Comparisons derive by the using of 

information contained by the records. Set of all possible comparison vectors denoted by Γ. 

The probability of matching and non-matching can be express in terms of this comparison 

vectors: 

 

Matching probability= P (𝛾𝑚𝑛 |(m,n) ∈ M) 

Non-matching probability= P (𝛾𝑚𝑛 |(m,n) ∈ U) 

 

The main and simple policy is to compare the common fields of the records. But this policy 

does not support the numeric or string conditions (e.g. name). To solve this, Jaro-Winkler 

distance proposed by William (1990). This distance is about using the string matrix that is a 

prefix scale which gives more favorable ratings to strings the match from the beginning for a 

set prefix length (Wikipedia). Some similar results of comparison can be divided by different 

classes or levels of disagreement.  

  

An extended version of this approach can use to compute levels of disagreement for 

inappropriately compared fields. Here thresholds decide to rate the comparison. If 𝑆c(m,n) 
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denotes the similarity measure of the records pair m and n, then 𝑆c  can be categorized into 

different intervals of disagreement: 𝑙c0 , 𝑙c1 , 𝑙cℎ . Here, 𝑙c0  shows the lowest level of 

disagreement or full agreement and the last interval 𝑙cℎ  shows the highest disagreement. The 

larger value of 𝛾𝑚𝑛
𝑐  means the more records m and n disagree in the field. 

The comparison vector 𝛾𝑚𝑛  can be measured by 𝑀c(m,n) as it has different intervals to 

similarity measurement. But it is true that this similarity measurement varies because of their 

functional form.  

 

 Usually, in practical situations, one to one assumption does not hold always. In this case, 

Felligi-Sunter (1969) the decision rule also, that categorizes the decisions into three groups. 

In the following section, we describe the rule. 

 

 

2.6.1  Felligi-Sunter Decision Rule  

 

 

As incorrect and missing information also may contained by the data files, also one to one 

assumption does not hold in the practical situation and there can be a small number of 

common fields between the data files, Felligi and Sunter (1969) proposed the logarithm of the 

ratios of matched and non matched. That can be express as: 

 

𝑤𝑚𝑛 = log [P (𝛾𝑚𝑛 |(m,n) ∈ M)/ P (𝛾𝑚𝑛 |(m,n) ∈ U)] 

     

 

𝑤𝑚𝑛  used as weights of estimate the decision of matching or not matching. Felligi and 

Sunter proposed three limits or threshold for this weight: link, possible link and non link. 

They also defined two possible errors μ and λ. They can be express as: 

 

P (link|U)= μ and 

P (non-link|M)= λ 

 

The possible decisions of the comparison vector 𝛾𝑚𝑛  ordered in terms of their weights and 

these decisions indexed by two thresholds a and a0 such that: 

 

 𝑃 (𝛾𝑚𝑛 |(𝑚, 𝑛)  ∈  Ua≤𝑎0−1 ) < μ ≤  𝑃 (𝛾𝑚𝑛 |(𝑚, 𝑛)  ∈  Ua≤𝑎0 ) and 



12 

 

 𝑃 (𝛾𝑚𝑛 |(𝑚, 𝑛)  ∈  Ma≥𝑎0 ) ≥ λ >  𝑃 (𝛾𝑚𝑛 |(𝑚, 𝑛)  ∈  Ma≥𝑎0+1 ) 

 

So, there can be three possible decisions of the pairs from the data files. They are links, non 

links and possible links. In practice, when data contains the missing values or a small number 

of similar fields between the data files, the patterns of the possible decisions also changed 

based on this missingness or common fields. These are some limitations of this method. So, 

in practical problems, the decision rule does not hold always. To solve these limitations, we 

describe the Felligi-Sunter mixture model (Winkler, 1988; Jaro, 1989 and Larsen and Rubin, 

2001) method to model the comparison of data in section 4. 

 

 

2.6.2  Felligi-Sunter Blocking Approach 

 

 

Blocking is another approach that used in Fellegi-Sunter method when record linkage 

procedure becomes expensive for large data files. With this approach, data files are divided 

into some blocks of records. These records contained the information that is presented in both 

data and then compares the data within these blocks. For example, Herzog, Scheuren and 

Winkler (2007) said about the postal code as a block. The records that are sharing this same 

code are only pretended as linked, but if they are different within records are pretended as not 

linked.  

 

In the following section, we describe the basic idea of exact matching and record linkage, 

which can be used to integrate different sets of data from different sources. 

 

3.  Methods 

 

 

In this paper, we describe the methods to integrate the business record data and the social 

network data. The main content as a common variable of these two types of data sources is 

the customer‟s name. To extract the social network (Facebook) ID of the users from the page 

and add them to the business record register, a company can use the data integration process.  

Many companies have been producing data integration software now a day. Some data 

integration matrixes are PL/SQL, Java scripts, ETL, VSAM, IMS, DB2, QSAM, CLEO etc. 
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Each has the different statements for data integration. But most important thing is, getting 

essential data to integrate and extract or discover the information of interest. We do not know 

what statistical procedure they are using to harmonize different sources of data. But, to 

combine the data source as I referred in the previous section, the record linkage procedure is 

much appropriate here. Because, In Facebook history, most users like to name their ID by 

modifying their name. For example, my real name is Khadija Akter Leepe, but I used Khadija 

A Leepe as my facebook ID! My one is simple but sometimes it could be more puzzling! 

 

 

 

3.1.  Exact matching 
 

 

An important component of the find out the linkage between two data sets is checked out how 

well the entities match. A common approach to measuring the similarity of matching variable 

is exact matching. The follower‟s name from the Facebook page could be exactly same as the 

name from customer‟s name. For example: 

 

 One follower‟s name from the Facebook page is Md. Hasan Ali and who has given his 

feedback on the company‟s page on the exact day of having service. By checking the 

customer‟s list three names found:  

1. Hasan Mia  2. Md. Hasan Ali  3. Mahmud Hasan 

The second name is exactly matched so, this Facebook Id could be listed with customer‟s 

data against that person. 

 

Some limitations also created here primarily due to capitalization, spacing, punctuation, 

abbreviation etc. Furthermore, all the Facebook users do not make available a contact number 

in the Facebook, or given contact number may do not be matched with the customer‟s data, 

do not all people use their full name as Facebook ID. To conquer them Record linkage can 

use that is describing in the subsequent section. 
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3.2.   Record Linkage 
 

 

Record linkage is an important part while integrating the several data files, where information 

from multiple data sources is joined. According to Fellegi- Sunter, 1969, record linkage is the 

procedure of classification of record pairs with two groups: matching or non- matching. In 

our study of the integration of two different data sources, it is important to have at least one 

variable in common. If my first dataset contains the variables α, β and γ, then the second 

dataset must have to contain at least one common variable from the first dataset. Then a 

matching dataset can generate exhaustive information. 

 

Table3: Record linkage 

Data1 Data2 Linkage data 

α β γ α η α β γ 𝛈  

 

It can be written in the following mathematical way only for two data sources. Let matching 

defined by the dummy variable Mi, d1 and d2 are the elements contained by two datasets. 

Then, 

Mi= 1,    if d1=d2, d1∈ Data1 and d2∈ Data2  

= 0,    otherwise 

In our case, the linked variable is customer‟s name. Table4 contains the users‟ name only with 

other variables that is the first data set. Our second data set is the Facebook data contains 

follower‟s first name, mid name, last name, ever use the service (yes /no), contact number, 

comment, likes etc. These followers might be user or employee or only follower which is not 

exactly indicated on the Facebook page. So to find out only users ID to add them in Table4, 

the name should be matched. 

There are so many previous works of literatures (Jaro, 1989; Winkler, 1988,1993,1994; Belin 

and Rubin,1995; Larsen and Rubin, 2001; Tancredi and Liseo, 2011; Gutman,Afendulis and 

Zaslabsky, 2013) on record linkage and most of them derived from the pioneering article by 

Felligi-Sunter in 1969. Winkler also described some limitations of this approach in 2002. One 

of the main restrictions is one to one assumption. That means, one record from the one file 

will be linked maximum one time to the record from another file (Sadinle, 2016). Although, 

Felligi-Sunter (1969) proposed to classify the record pairs as link, possible link and non-link 

by the decision rule. But in practical use, this does not also fulfill always. In our case, more 

than one name from the first file could be indicating the linkage with the same name from the 
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second file. So that, we are going to follow the modern implementation on Felligi-Sunter 

method by using the mixture model (Winkler, 1988; Jaro,1989; Larsen and Rubin, 2001) to 

record linkage, that ignores the one to one restriction. Also we will describe the beta record 

linkage (Sadinle, 2016) that propose a Bayesian estimation to record linkage. 

 

 

4.  The Felligi-Sunter Mixture Model (FSMM) 

Method to Record Linkage 

 

 

In Felligi-Sunter method, the estimation of the probability of links or non-links is possible if 

the previous accurate links are available. But in practice, it is often not available because of 

the missing values, one to one assumption or a small number of common fields. To solve this 

problem, a mixture model proposed by Winkler (1988), Jaro (1989) and Larsen and Rubin 

(2001) to model the comparison of data.  

 

Sadinle (2016) describe this mixture model method in terms of bipartite record linkage. So, 

before describing the mixture model, here is some description on bipartite or binary linkage. 

 

 

4.1.  Bipartite Record Linkage 
 

 

According to Mauriocio Sadinle (2016),  

“Consider two datafiles X1 and X2 that record information from two overlapping sets of 

individuals or entities. These datafiles contain n1 and n2 records, respectively, and without 

loss of generality we assume n1 ≥ n2. These files originate from two record-generating 

processes that may induce errors and missing values. We assume that each individual or 

entity is recorded maximum once in each datafile, that is, the datafiles contain no duplicates. 

Under this set-up the goal of record linkage (hence forth RL) can be thought of as identifying 

which records in files X1 and X2 refer to the same entities.” 

 

In this context of record linkage, they define the bipartite matching as a parameter of interest 

as the graph theory context by Lovász and Plummer (1986). (In there, a graph defined by G 
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that consists of nodes and edges. Nodes are the finite numbers of elements and edges is a set 

of a pair of nodes. The node set is capable of partitioned into two disjoint nonempty subsets Y 

and Z. Graph G is called bipartite if it‟s each edge connects a node of Y with a node of Z. A 

set of edges in the graph is called matching if all of these edges are pairwise disjoint.) 

They think two files X1 and X2 of records as disjoint sets of nodes, where the same entity or 

match being represented by an edge between two records. 

If two data files X1 and X2 contain k1 and k2 records respectively, records m belongs to the 

file X1 and records n belongs to the file X2 then, Bipartite linkage represented by k1 ×k2 

matching matrix as: 

       1, if records m ∈ X1 and n ∈ X2 refer to the same entity 

Δmn =  

       0, otherwise 

 

This representation involves maximum one-to-one entry level within the each column and 

row of the matrix. Sadinle proposed an alternative way of represent the bipartite linkage by 

matching labeling Y= (Y1…..Yk2) for the records in file X2 that deals with the vector of 

length n2 only, such that: 

        m, if records m ∈ X1 and n ∈ X2 refer to the same entity 

Yn  = 

        k1+n, if j ∈ X2 does not have a match in file X1 

 

Bipartite record linkage use to estimate the bipartite matching between two data files using 

the other variables contained in them. The definition of bipartite record linkage by Sadinle 

contains a condition of no duplications. But, in the practical case, we could have the 

following conditions: 

 
Figure4: Uncertain situation of linkage 

 

More than one edge refers to the same entity (m, m0), which is disturbing the no duplication 

assumption. So, in the practical problems, sometimes it is difficult to do this kind of matching. 

. 
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 4.2. The mixture model  
 

 

The mixture model to model the comparison of data is: 

 

Γmn |Δmn = 1  M (v), 

Γmn |Δmn = 0  U (v0) and 

Δmn  ∼ Bernoulli (p) 

 

Here, the distribution of set of comparison vector Γmn  is either match or not and they are 

presented by M(v)  and U(v0). Here, p represents the matching proportion and v and v0 are 

the vectors of parameters. Δmn  represents here the bipartite or binary linkage. This mixture 

model follows two basic assumptions and those are: 

1) The comparison vectors given the bipartite matching are independently distributed. 

2) The matching values of the records are also independent of each others.  

 

 Winker (2002) mentions the limitation of this mixture model. The estimation of the 

probability of links or non-links is possible if the previous accurate references are available. 

To get true matches or non-matches, reference data must be required, otherwise de- 

duplication or one to one restriction still does not hold if this assumption (Jaro, 1989) is not 

used: mixture model will fit well without one to one restriction. 

 

 Sadinle (2016) proposed a new method that we describe in the following section. This 

method deals with the missing information and the above uncertain conditions. 

 

 

5. Beta Record Linkage Method 

 

 

This is a Bayesian approach to deal with the missing values and provides the point estimates 

to assess of uncertain bipartite linkage with the posterior distribution. This bipartite linkage 

either presented by matching labeling or matching matrix.  
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5.1.  Model 
 

 

The model to determine bipartite record linkage by the use of Bayesian estimation is:  

Γmn |Yn= m M (v), 

Γmn |Yn≠ m U (v0) and 

Y∼ β 

Here, M (v) and U (v0) are the model to explain the comparison vectors as matching and no-

matching that is similar to the FSMM in section 5.1. But these models scrutinize the record 

pair m and n is matching that figured by the bipartite linkage and β represent the beta prior 

distribution for bipartite linkage. 

 

 The prior distribution approach first proposed by Larsen (2005, 2010) and Fortini (2001, 

2002) by the using of matching matrices. But Sadinle proposed in terms of matching labeling.  

To construct the Beta prior distribution, at first following condition should be fulfill: 

 

Sampled the records from the file X2 that have a match. 

 

Let, this sampling portion follows the Bernoulli distribution with the parameter η, I (Yn≤k1) 

 Bernoulli (η), here n=1,……,k2. η denote the sampling portion from file X2 and 

assumed that it follows beta distribution with the parameters αη  and ξη , such as: 

η  Beta(αη , ξη) as a prior distribution. 

 

In this formulation, matching labeling Y indicate the matches and those are represented by,  

k12 (Y)=  I (Yn ≤ k1)k2
n=1  and it is distributed according to a merging Beta-Binomial 

distribution with parameters k2, αη  and ξη . With the condition above, taking the another 

condition of equally likely bipartite linkage and the number of these bipartite linkage is 

k1!

 k1−k12 Y  !
 .The probability mass function of bipartite linkage is given by, P (Y|αη , ξη) 

 

=
 k1−k12 Y  !

k1
 

Beta [k12  Y +αη ,k2−k12 Y +ξη ]

Beta (αη ,ξη ) 
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It is true that overlapping of the records happen between the files. In this approach, 

parameters of Beta distribution can utilize to include the prior information in account to 

formulate this overlapping. 

 

 

 5.2.  Likelihood function to make comparison with missing 

values 
 

 

In the practical problem, comparison vectors can be incomplete sometimes when a field is 

missing for any record in data. That time, we consider the ignorability assumption (Little and 

Rubin 2002). This assumption requires that comparison fields being conditionally 

independent given the matching pairs. Sadinle proposed the extension likelihood form of the 

model that considered by Larsen (2002, 2005, 2010) as: 

 

L (Y,ω|γ)=     [𝑚𝑎cl
I Yn =m  𝑢𝑛cl

I(Yn ≠m)]I(γmn =l)Lc
l=c

C
c=1

k2
m=2

k1
m=1  

 

Here, 

macl  is the probability of matching with l level of disagreement, 

uncl  is the probability of non matching with l level of disagreement, 

𝑚𝑎c= (𝑚𝑎c1,……., 𝑚𝑎cLc
). 

𝑢𝑛c= (𝑢𝑛c1,……., 𝑢𝑛cLc
), 

ma= (𝑚𝑎1,……., 𝑚𝑎C), 

un= (𝑢𝑛1,……., 𝑢𝑛C ), 

ω= (ma, un) [set of matching and non matching] and indicator function I represents the 

comparison vectors are either matching or not. 

Sadinle has modified this model to obtain the comparison vectors in account of missing 

values as: 

 

L (Y,ω|γob )=   𝑚𝑎cl
hcl (Y)Lc

l=0
C
c=1 𝑢𝑛cl

h′cl (Y) 

 

Here, hcl (Y) denotes the number of matches for a given Y and h′cl (Y) represents the non 

matches. 
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5.3  Bayes estimates of Bipartite Matching 
 

 

For the problem of more than one value in the same data can be supposed to be very close 

and mentioned the same values from second data as the same entity. Sadinle described the 

approach (Herbei and Wegkamp 2006) that contain a rejection option to separate the 

uncertain decisions. When a pair of record does not make a decision of possible linkage then 

a rejection option may use. 

Sadinle referred a point estimate with the rejection option that presents the partial estimation 

of being linkage or not instead of full estimation. 

He worked with the matching labeling Y and presented it as a vector of Bayes estimate as: 

 

Y = (Y1
 ,….,Yk2

 ) ,where Y n  ϵ (1,….,k1,….k1+1, RO), here RO represents the rejection option. 

Sadline proposed to assign positive losses to the various errors: 

 

           0, if Yn = Y n  

           λRO , if Y n= RO 

L (Yn,Y n)=  λfnm , if Yn ≤ k1 , Y n= k1+n                (5) 

           λfm 1, if Yn = k1+n, Y n  ≤ k1 

           λfm 2, if Yn, Y n≤ k1 and Yn≠ Y n  

 

Here, 

λRO  = loss while rejection 

λfnm  = loss while taking a false non match decision 

λfm 1 = loss while taking a false match decision but records actually does not matches.  

λfm 2 = loss while taking a false match decision but records actually matches another record 

rather than that assigned to it. 

 

Then the posterior expected loss is given by: 

E[L(Y, Y )|γob ]=  εn(Y n)k2
n=1  

 

Here εn(Y n)= E[L(Yn,Y n)|γob ]= 

 

  λRO , if Y n= RO 

  λfnm P(Yn ≠k1+n|γob ), if Y n= k1+n                      (6) 

  λfm 1P(Yn =k1+n|γob )+ λfm 2P(Yn ∉ {m,k1+n}|γob ), if Y n=m≤k1 
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Bayes estimates can be achieved with the (k1+2k2) × k2 matrix. The first k1 rows of this 

matrix hold the possibility of a record from X2 data file is linked to any record from X1 data 

file, next k2 rows hold the possibility of a record from X2 data file is not linked to any record 

from X1 data file and last k2 rows hold the possibility of rejection of taking any decision. 

 

To get the simple form of Bayes estimates Sadinle described two precise cases of general 

loss functions. 

 

Case1: In this case, by removing the rejection option we want to make the decision of all 

records letting the loss from taking the decision of false non matches are less than the false 

matches. That is: 

 

 λfnm≤λfm 1+ λfm 2 

The m0 is not either accurately linked then we can write, m0≠m and it is matches the situation 

when n and m are not linked or have a linking error. So we can take larger λfm 2 than the 

other losses as: 

                  

  λfm 2 ≥ λfnm +λfm 1 

 

If the loss functions above are achieved from equation (5), then Bayes estimate of bipartite 

linkage is achieved from Y = (Y1
 ,….,Yk2

 ). Here, 

 

 

        N,     if P (Yn=m|γob )> 
λ fm 1

λ fm 1+λ fnm
 

Y n  =    k1+n,  otherwise 

 

 

Case2: This is the case of figure4, where we have three values of m from data file X1 that are 

particularly similar and simultaneously indicate the linkage with the same n from data file X2. 

In this case the best way to take decision of no match with X1. If we think the Felligi-Sunter 

decision rules by using weights in bipartite linkage, the weights: wmn, 𝑤𝑚0𝑛 , 𝑤𝑚1𝑛  have the 

equal possibility of match the record n or record n match with the one of m, m0 or m1. At this 
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point, the uncertain part can be ignored by the decision rule and loss function can be obtained 

from Y = (Y1
 ,….,Yk2

 ) with  

Y n= arg minY n  εn(Y n) and εn(Y n) defined by equation (6). 

 

If loss functions 0< 2λRO ≤ λfm 1 ≤ λfm 2 and 2λRO ≤ λfnm  obtained from the equation (5), 

then Bayes estimate of bipartite linkage is achieved from Y = (Y1
 ,….,Yk2

 ). Here, 

 

 

 

       m,         if P (Yn=m|γob )>1-
λRO

λ fm 1
+ 

λ fm 2−λ fm 1

λ fm 1
 

Y n  =                            P(Yn ∉ {m,k1+n}|γob ) 

       k1+n,      if P(Yn =k1+n|γob ) >1-
λRO

λ fnm
 

       RO,        otherwise 

 

That means, if only two likelihood potentiality of record n either match or not with any 

record, then Y n= m if only it follows the condition of the equation. If, P(Yn =k1+n|γob ) >1-

λRO

λ fnm
 then, Y n= k1+n, otherwise we take the rejection decision. 

According to these Bayes estimation of bipartite linkage, we can avoid the violation of de-

duplication difficulty.  

 

6.  Simulation of Data (RLdata500 & RLdata10000) 

 

 

We apply the Felligi-Sunter mixture model method to the simulated datasets: RLdata500 and 

RLdata10000 that contained by R package RecordLinkage (Sariyar and Borg, 2015). The data 

were created randomly from the German name relation and have no relation to the existing 

person (Sariyar and Borg, 2015). Each data file has name and date of birth as common fields. 

RLdata500 and RLdata10000 contain non-unique records also, and “identity” parameters in 

the R package include these duplicate records. Since, Mixture model has the limitation of 

having reference data to getting the true matches also, so we make a new dataset as our 

second dataset and separate the identity vector for the new data set. In this new second data 

set, we take the last 30 records of RLdata500 and 300 sampled records of RLdata10000.  
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We work with blocking on the first component of the first name and the birth date between 

these two data sets. So, two data sets must agree in either the first component of the first 

name or the birth date to appear in the resulting set of comparison patterns (Sariyar and Borg, 

2015). 

Then we calculate the classification of matching pairs based on the weight comparisons. After 

calculating the weights, we obtain the classification thresholds, Pareto thresholds (the 

estimated threshold for Pareto distribution) and the best matched pairs with highest weight. 

 

 

7.  Results and Discussion 

 

 

Blocking with the first component of the first name, “fname_c1” and birth date, we get the 

results of 35 matching pairs. In overall result of the comparison, we have the non-matches 

that actually exeunt as the false non-matches. In the following table of first ten results, result 

1, 3,4,7,8 and 10 describes the pairs of record as non-matches. But in the blocking fields, they 

are matched. They are the false non-matches by the method. Here, 1 stands for match and 0 

for non-match.  

 

Table4: Results of the comparison 

 id1 id2 fname_c1 fname_c2 lname_c1 lname_c2 by bm bd is_match 

1 473 3 1 1 1 NA 1 1 1 0 

2 411 95 1 NA 0 NA 0 0 1 1 

3 317 170 1 NA 0 NA 0 1 1 0 

4 79 265 1 NA 0 NA 0 0 1 0 

5 146 171 1 NA 0 NA 0 0 1 1 

6 146 297 1 NA 0 NA 0 0 1 1 

7 146 276 1 NA 0 NA 0 0 1 0 

8 372 189 1 NA 0 NA 0 0 1 0 

9 381 189 1 NA 0 NA 0 0 1 1 

10 360 318 1 NA 0 NA 0 0 1 0 

 

 

Following table shows the final results of comparison of matching and non-matching among 

two data sets. 
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Table5: Results of the FSMM method 

Number of records in Data 1 500 

Number of records in Data 2 330 

Number of possible linked pairs 84 

Number of matching pair 35 

Number of non-matching pair 49 

Number of pairs with unknown status 0 

False link(optimal and Pareto distribution) 0 

False non-link(optimal and Pareto 

distribution) 

49 

False possible link(optimal and Pareto 

distribution) 

0 

True Link(optimal and Pareto distribution) 35 

True non-link(optimal and Pareto 

distribution) 

0 

True possible link(optimal and Pareto 

distribution) 

0 

 

First and second data sets contain 500 and 330 records respectively. R package 

RecordLinkage find 84 best linked pairs of record and 35 matching results with 49 non-

matching pairs. In the weighted comparison, we also get the classification table of false and 

true linked pairs, non- linked pairs and possible linked pairs. It shows 49 false non-links and 

35 true links. By the using of both optimal and Pareto distribution classification threshold 

results also shows 49 non-links and 35 links within the record pairs.  Despite matching the 

blocking fields, they are still non-match belongs to the false non-matches. 

 

The application of the beta record linkage (Sadinle, 2016) method on these simulated data 

could show the better comparison of the described methods but unfortunately, we could not 

fit the model as well. 
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8. Conclusion 

 

 

In real life, data integration can play a vital rule in different sectors. In technical and business 

sectors, data integration becomes more fruitful because every type of data has its own format 

of representing the information. By aggregating the multiple types of data with these various 

formats or strengths, it is possible to get some unique or hidden information. That can be used 

to make the profit in business. It can also reduce some data complexity, as, missing 

information or erroneous information. 

I describe the rapid growth of data in various sources, especially in social networks (those are 

called by big data). The business company can use this data to integrate with their business 

data (example in Section 2.3). 

 

Our main intention in this work was to describe the „Record linkage‟ procedure as a statistical 

procedure to integrate the two data files. We also tell about the exact matching procedure 

(section 3.1). But it has the limitation of spelling error or uses the shortage form of the name. 

We have also limitation like; the business company must have to be their own Facebook page, 

so they can collect the name of users. Record linkage can happen only when two data files 

have at least one common field to compare different record pairs. 

 

We describe the Felligi-Sunter mixture model (Winkler, 1988; Jaro, 1989; Larsen and Rubin, 

2001) for bipartite record linkage in terms of very classical Felligi-Sunter (1969). Despite 

some advantage of the mixture model, Winker (2002) mentions the limitation of this mixture 

model. The estimation of the probability of links or non-links is possible if the previous 

accurate references are available. So, only the classification can be found. 

In section 5, we describe the new beta record linkage method that proposed by Sadinle (2016). 

That is a Bayesian approach to deal with the missing values and provides the point estimates 

to assess of uncertain bipartite linkage with the posterior distribution using beta distribution 

as a prior.  

  

By the using of Felligi-sunder approach on simulated datasets from the R package 

“RecordLinkage”, we get 35 true matching and 49 false non-matching pairs between the 

RLdata500 and new data set out of 84 possibilities.  
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In this processing, the main problem was fixing with de-duplication assumption among the 

values in the new dataset. To solve this, we separate the identification for the new dataset.  

 

To get some comparison between these two methods, we wanted to apply Beta record linkage 

formula to the simulated datasets with MCMC OR Gibbs sampler approach. But 

unfortunately, we could not reach the edge. 

So, despite the description of suitable methods and their limitations in this paper, the further 

work on beta record linkage procedure with simulated data or the true business and social 

data can be performed. 
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Appendix 

 

 

1. R code for finding record linkage and classification: 

 

set.seed(2000) 

library(RecordLinkage) 

data("RLdata500") 

data("RLdata10000") 

 

###making new 2nd dataset### 

s1 <- 471:500 

s2 <- sample(1:10000, 300) 

http://data-informed.com/4-approaches-for-integrating-social-media-data-with-enterprise-systems/
http://data-informed.com/4-approaches-for-integrating-social-media-data-with-enterprise-systems/
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identity2 <- c(10000 + identity.RLdata500[s1], identity.RLdata10000[s2] )  

dataset <- rbind(RLdata500[s1,], RLdata10000[s2,]) 

rpairs <- compare.linkage(RLdata500, dataset, identity1 = 

10000+identity.RLdata500,identity2 = identity2, blockfld=c(1,7),phonetic = 1:3) 

rpairs$pairs 

subset(rpairs$pairs, is_match=="1") 

 

#weight repairs 

 

rpairs <- epiWeights(rpairs) 

result <- epiClassify(rpairs, 0.55) 

summary(result) 

 

##matched pairs with maximum weight### 

 

matchedPairs <- getPairs(result, single.rows=TRUE) 

library(data.table) 

matchedPairs <- data.table(matchedPairs) 

matchedPairs[matchedPairs[,.I[which.max(Weight)],by=id1]$V1, list(id1,id2)] 

 

# classification threshold 

 

a<-optimalThreshold(rpairs,my=0.5,ny=0.6) 

summary(epiClassify(rpairs,a)) 

 

# pareto threshold 

 

b<-getParetoThreshold(rpairs,interval=c(0.5,0.6)) 

summary(epiClassify(rpairs,b)) 

 

2. Comparison with weight: 

 

 

Linkage Data Set 

 

500 records in data set 1  

330 records in data set 2  

84 record pairs  

 

35 matches 

49 non-matches 

0 pairs with unknown status 

 

 

Weight distribution: 

 

[0.3,0.4] (0.4,0.5] (0.5,0.6] (0.6,0.7] (0.7,0.8] (0.8,0.9]   

(0.9,1]  
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       46         3         3         1        28         1         2  

 

35 links detected  

0 possible links detected  

49 non-links detected  

 

alpha error: 0.000000 

beta error: 0.000000 

accuracy: 1.000000 

 

 

Classification table: 

 

           classification 

true status  N  P  L 

      FALSE 49  0  0 

      TRUE   0  0 35 

 

[0.3,0.4] (0.4,0.5] (0.5,0.6] (0.6,0.7] (0.7,0.8] (0.8,0.9]   

(0.9,1]  

       46         3         3         1        28         1         2  

 

35 links detected  

0 possible links detected  

49 non-links detected  

 

alpha error: 0.000000 

beta error: 0.000000 

accuracy: 1.000000 
 

3. Optimal classification result: 

 

Linkage Data Set 

 

500 records in data set 1  

330 records in data set 2  

84 record pairs  

 

35 matches 

49 non-matches 

0 pairs with unknown status 
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Weight distribution: 
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35 links detected  

0 possible links detected  

49 non-links detected  

 

alpha error: 0.000000 

beta error: 0.000000 

accuracy: 1.000000 

 

 

Classification table: 

 

           classification 

true status  N  P  L 

      FALSE 49  0  0 

      TRUE   0  0 35 
 

 

 

 

 

 

4. Get Pareto threshold result: 

 

Linkage Data Set 

 

500 records in data set 1  

330 records in data set 2  

84 record pairs  

 

35 matches 

49 non-matches 

0 pairs with unknown status 

 

 

Weight distribution: 

 

[0.3,0.4] (0.4,0.5] (0.5,0.6] (0.6,0.7] (0.7,0.8] (0.8,0.9]   

(0.9,1]  
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       46         3         3         1        28         1         2  

 

35 links detected  

0 possible links detected  

49 non-links detected  

 

alpha error: 0.000000 

beta error: 0.000000 

accuracy: 1.000000 

 

 

Classification table: 

 

           classification 

true status  N  P  L 

      FALSE 49  0  0 

      TRUE   0  0 35 
 

 

5. Overall results 

 id1 id2 fname_c1 fname_c2 lname_c1 lname_c2 by bm bd is_match 

1 473 3 1 1 1 NA 1 1 1 0 

2 411 95 1 NA 0 NA 0 0 1 1 

3 317 170 1 NA 0 NA 0 1 1 0 

4 79 265 1 NA 0 NA 0 0 1 0 

5 146 171 1 NA 0 NA 0 0 1 1 

6 146 297 1 NA 0 NA 0 0 1 1 

7 146 276 1 NA 0 NA 0 0 1 0 

8 372 189 1 NA 0 NA 0 0 1 0 

9 381 189 1 NA 0 NA 0 0 1 1 

10 360 318 1 NA 0 NA 0 0 1 0 

11 495 25 1 NA 1 NA 1 1 1 0 

12 196 267 1 0 0 NA 0 0 1 1 

13 39 267 1 NA 0 NA 0 0 1 1 

14 51 267 1 NA 0 NA 0 0 1 1 

15 476 6 1 NA 1 NA 1 1 1 1 

16 475 5 1 NA 1 NA 1 1 1 0 

17 153 278 1 NA 0 NA 0 0 1 0 

18 186 278 1 NA 0 NA 0 0 1 0 

19 438 118 1 NA 0 NA 0 0 1 0 

20 496 26 1 NA 1 NA 1 1 1 1 

21 489 19 1 NA 1 NA 1 1 1 0 

22 471 1 1 NA 1 NA 1 1 1 0 

23 67 234 1 NA 0 NA 0 1 1 1 

24 486 16 1 NA 1 NA 1 1 1 0 

25 414 282 1 NA 0 NA 0 0 1 0 
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26 350 35 1 NA 0 NA 0 0 1 1 

27 139 301 1 NA 0 NA 0 0 1 0 

28 493 23 1 NA 1 NA 1 1 1 1 

29 87 205 1 NA 0 NA 0 1 1 1 

30 403 59 1 NA 0 NA 0 0 1 0 

31 275 38 1 NA 0 NA 0 0 1 1 

32 466 41 1 NA 0 NA 0 0 1 0 

33 485 15 1 NA 1 NA 1 1 1 1 

34 46 223 1 NA 0 NA 0 0 1 0 

35 494 24 1 NA 1 NA 1 1 1 1 

36 499 29 1 NA 1 NA 1 1 1 0 

37 331 21 1 NA 0 NA 1 1 1 1 

38 491 21 1 NA 1 NA 1 1 1 1 

39 488 18 1 NA 1 NA 1 1 1 0 

40 64 202 1 NA 0 NA 0 0 1 0 

41 479 9 1 NA 1 1 1 1 1 0 

42 500 30 1 NA 1 NA 1 1 1 0 

43 474 4 1 NA 1 NA 1 1 1 1 

44 309 286 1 NA 0 NA 0 0 1 0 

45 103 169 1 NA 0 NA 0 0 1 0 

46 487 17 1 NA 1 NA 1 1 1 0 

47 101 93 1 NA 0 NA 0 0 1 1 

48 14 44 1 NA 0 NA 0 0 1 1 

49 483 13 1 NA 1 NA 1 1 1 1 

50 498 28 1 NA 1 NA 1 1 1 0 

51 354 175 1 NA 0 NA 0 0 1 0 

52 482 12 1 NA 1 NA 1 1 1 1 

53 129 206 1 NA 0 NA 0 0 1 1 

54 90 277 1 NA 0 NA 0 1 1 0 

55 478 8 1 NA 1 NA 1 1 1 0 

56 478 74 1 NA 0 NA 0 0 1 0 

57 370 8 1 NA 1 NA 1 0 1 0 

58 370 74 1 NA 0 NA 0 0 1 1 

59 190 64 1 NA 0 NA 0 0 1 0 

60 461 107 1 NA 0 NA 0 0 1 0 

61 484 14 1 NA 1 NA 1 1 1 0 

62 300 105 1 0 0 NA 0 0 1 0 

63 424 106 1 NA 1 NA 0 0 1 0 

64 278 200 1 NA 0 NA 0 0 1 1 

65 497 27 1 NA 1 NA 1 1 1 0 

66 477 137 1 NA 0 NA 0 0 1 1 

67 477 250 1 NA 0 NA 0 0 1 0 

68 477 7 1 NA 1 NA 1 1 1 1 

69 347 76 1 NA 0 NA 0 0 1 0 

70 492 22 1 NA 1 NA 1 1 1 0 

71 234 326 1 NA 0 NA 0 0 1 1 

72 234 147 1 NA 1 NA 0 0 1 1 

73 234 178 1 NA 0 NA 0 1 1 1 
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74 4 210 1 NA 0 NA 0 1 1 1 

75 481 11 1 NA 1 NA 1 1 1 1 

76 481 20 1 NA 1 NA 0 1 1 0 

77 490 11 1 NA 1 NA 0 1 1 0 

78 490 20 1 NA 1 NA 1 1 1 0 

79 480 10 1 NA 1 NA 1 1 1 1 

80 467 2 1 1 0 NA 1 1 1 1 

81 472 2 1 1 1 NA 1 1 1 0 

82 346 177 1 NA 0 NA 0 0 1 0 

83 213 54 1 NA 0 NA 0 1 1 0 

84 100 197 1 NA 0 NA 0 0 1 0 

 

 

6. True-matched pairs  

Table6: Matched pairs  

 id1 id2 fname_c1 fname_c2 lname_c1 lname_c2 by bm bd is_match 

1 473 3 1 1 1 NA 1 1 1 1 

2 495 25 1 NA 1 NA 1 1 1 1 

3 476 6 1 NA 1 NA 1 1 1 1 

4 475 5 1 NA 1 NA 1 1 1 1 

5 496 26 1 NA 1 NA 1 1 1 1 

6 489 19 1 NA 1 NA 1 1 1 1 

7 471 1 1 NA 1 NA 1 1 1 1 

8 486 16 1 NA 1 NA 1 1 1 1 

9 493 23 1 NA 1 NA 1 1 1 1 

10 485 15 1 NA 1 NA 1 1 1 1 

11 494 24 1 NA 1 NA 1 1 1 1 

12 499 29 1 NA 1 NA 1 1 1 1 

13 331 21 1 NA 0 NA 1 1 1 1 

14 491 21 1 NA 1 NA 1 1 1 1 

15 488 18 1 NA 1 NA 1 1 1 1 

16 479 9 1 NA 1 1 1 1 1 1 

17 500 30 1 NA 1 NA 1 1 1 1 

18 474 4 1 NA 1 NA 1 1 1 1 

19 487 17 1 NA 1 NA 1 1 1 1 

20 483 13 1 NA 1 NA 1 1 1 1 

21 498 28 1 NA 1 NA 1 1 1 1 

22 482 12 1 NA 1 NA 1 1 1 1 

23 478 8 1 NA 1 NA 1 1 1 1 

24 370 8 1 NA 1 NA 1 0 1 1 

25 484 14 1 NA 1 NA 1 1 1 1 

26 497 27 1 NA 1 NA 1 1 1 1 

27 477 7 1 NA 1 NA 1 1 1 1 

28 492 22 1 NA 1 NA 1 1 1 1 

29 481 11 1 NA 1 NA 1 1 1 1 

30 481 20 1 NA 1 NA 0 1 1 1 

31 490 11 1 NA 1 NA 0 1 1 1 
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32 490 20 1 NA 1 NA 1 1 1 1 

33 480 10 1 NA 1 NA 1 1 1 1 

34 467 2 1 1 0 NA 1 1 1 1 

35 472 2 1 1 1 NA 1 1 1 1 

 

 


