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ABSTRACT

In today’s digital society, people are often required to enter their home or office
addresses on forms available online. It is not uncommon for people to introduce some
minor mistakes, such as misspelled addresses, or incorrect postal codes/zip codes. Such
mistakes made by the user can be quite problematic when automated systems must process
their request. For example, if a person orders something online providing the incorrect
postal code in the entered address, this mistake could lead to delay in the delivery of the
item or even worse, the item may remain undelivered. To avoid such situations, these
systems often use a machine learning technique called ‘Matching Dependency’ which has
been proven helpful in making recommendations for the correction of any incorrect value
in the input address. This technique uses a binary search algorithm to reduce the number
of cycles the process has to go through to make recommendations. Our exploration of one
possible implementation of this algorithm uses our own synthesized sample data sets

instead of real user input with the external data. External data has been used as the



Y,
authenticated data source to verify the user input data. We compare our synthesized user

input data with the external data that is considered to be completely trust worthy. The
system then makes possible recommendations based on the correctness of the user input.

The evaluation was mainly done on two different sizes of data sets, 1000 and 15000.
The results had zero false negatives, few false positives, and mostly relevant

recommendations.
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Chapter 1

Introduction

1.1 Motivation and Problem Statement

Humans have witnessed a substantial decrease in mundane physical efforts with the help
of computers. In other words, we are becoming more dependent on machines day by day.
In the previous era, in school, government sector, private sector or hospital, all the
data/records used to be physical or on papers/files. It would be completely natural to make
mistakes while having this data secured on file or paper.

In today’s world, all the hand written work and physical files either have turned or are
being turned into soft copies everyday. It would not be a surprise to expect mistakes in the
results after getting the data fed into a system by humans. Spelling mistakes, wrong value
selection and other reasons could lead to such errors. The most common entered values by
any human nowadays are their names, phone numbers, and addresses while signing up on
any website, where a person’s name cannot be standardized. The same name can be spelled
in several ways as per the sound. For example, “Begbie Street” is a common street name
in British Columbia, which may be spelled as “Begbee Street” or “Bagbee Street” because

it would sound similar to the original street.
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This report illustrates how we can avoid mistakes in the addresses of USA/Canada

entered by any user on a system. We have tried to achieve accuracy in getting the address
corrected in case of any mistake, which includes street name, city, province, country, and
postal code.

To handle such errors, we have used a recently proposed machine learning technique
‘Matching Dependency Technique’ [3] which is a part of machine learning. As per the
name, this technique uses a reliable external source of data which helps in verifying and
validating the user input data. If the entered address happens to have any incorrect values,
then this algorithm tries to make recommendations to the user with the set of possible

correct addresses.

1.2 My Contribution

| started my research by going through the papers of machine learning and techniques to
explore data cleaning [3] [9]. The Matching Dependency technique seemed very promising
for data cleaning process, as the results were more accurate and efficient. The other
techniques were able to fix partial errors. | chose the USA/Canada addresses which any
user living in either country would be entering online.

| started the implementation using Python language by having sample data sets of external
source of data and user input data. Here, external source data is the authorized and reliable
data which | used to verify and validate the user input data. As per the name, user input
data is the data entered by any user.

In this project, | took street name, city, province, country and postal code into consideration

for the data cleaning process. For instance, if the user happens to make a mistake in the
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postal code while entering the address, then this algorithm is likely to detect it by validating

it using the external source of data and recommend all possible postal codes that satisfy the

other address values i.e., street name, city, province and country.

1.3 Report Structure

This section provides the information about what each Chapter contains:

Chapter 2 provides the explanation about the technique implemented.

Chapter 3 explains the implementation strategy and the data used.

Chapter 4 shows our evaluation with the several data sets and their results.

Chapter 5 contains the possible future work for the implemented technique, and concludes

the purpose and implementation of the project.



Chapter 2

Background

This chapter discusses the background of the machine learning technique, Matching
Dependency which has been implemented for cleaning up the data sets that might contain

errors in addresses.

2.1 Matching Dependency Technique

As per the name, the Matching Dependency technique requires a source of data which can
be used as an authenticated source. This authenticated data helps in verifying the
correctness of the input by matching them together for the cleaning process.

To understand it better, lets take an example. We have an external (authenticated) data

source of addresses for Chicago, Illinois as shown in Figure 2.1 below.



Ext Address | Ext City Ext State| Ext Zip
105 S'S¥°'ga" Chicago IL 60608
20BN Wel | chgaas | 0 60610
ST
259 E Erie ST | Chicago I 60611
2806 W _
ComakRd | Chicage IL 60623

Figure 2.1: External information, address listings in Chicago

The user input data sets are in Figure 2.2:

Business Name  Street address City Province Zip

John Veliotis Sr. 3465 S Morgan ST Chicago IL 60608
John Veliotis Sr. 3465 S Morgan ST Chicago IL 60609
John Veliotis Sr. 3465 S Morgan ST Chicago IL 60609
Johnnyo's 3465 S Morgan ST Cicago IL 60608

Figure 2.2: User input data sets

The user data sets in Figure 2.2 have bad input data which can be seen clearly by comparing
these data sets with the external source of data in Figure 2.1. The zip code in row 2 and 3
seem to be incorrect, the business name and city in row 4 also seem to be incorrect.

We have certain dependencies which would be helpful in the clean up process of the user

data using the external data. These dependencies are shown in Figure 2.3:

ml: Zip = Ext_Zip — City = Ext_City
m2: Zip = Ext_Zip — State = Ext_State
mJ3: City = Ext_City A State = Ext_StateA
A Address = Ext_Address — Zip = Ext_Zip

Figure 2.3: Matching dependencies
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Here matching dependencies are the possible signals which help in identifying and

correcting the bad input data by comparing them with the external source of data.

Using the matching dependencies and the external data, the results in Figure 2.4 have been

achieved:
j Business Name  Street address City Province Zip
\John Veliotis Sr. 3465 S Morgan ST Chicago IL 60608
John Veliotis Sr. 3465 S Morgan ST Chicago IiL 60608
iJohn Veliotis Sr. 3465 S Morgan ST Chicago IL 60608
Johnnyo's 3465 S Morgan ST  Chicago IL 60608

Figure 2.4: Repair using matching dependency technique
The repaired output data sets we get with the help of the external data and their possible
matching dependencies, have a correct city in row 4 and a correct zip code in row 2 and 3.
The business name in row 4 could not be repaired as the external data did not have any
information about the business name column.

The pseudo code for the implemented algorithm is given below:



Set testData = list() #Create list of list with the test data
Set trainData = list() #Create list of list with the training data
Set indexValue = list()
testDataStreet = sorted list of street names with their index from trainData
testDataCity = sorted list of city names with their index from trainData
testDataProvince = sorted list of province names with their index from trainData
testDataZipCode = sorted list of zip codes with their index from trainData
for each data from the testData do
streetindexResults = binarySearch(testDataStreet, first element of data)
Set indexValue = list()
citylndexResults = binarySearch(testDataCity, first element of data)
Set indexValue = list()
provincelndexResults = binarySearch(testDataProvince, first element of data)
Set indexValue = list()
zipCodelndexResults = binarySearch(testDataZipCode, first element of data)
Set indexValue = list()
commonindex = set(streetindexResults) & set(citylndexResults) &
set(provincelndexResults) & set(zipCodelndexResults)

Set commonlIndicesCount = dict()
if not commonlindex then
allResultsList = list(streetindexResults, citylndexResults,
provincelndexResults, zipCodelndexResults)
for each attrResultList from the allResultsList do
for each index from the attrResultList do
if index in keys of commonlIndicesCount then
Increment commonindicesCount[index] by 1
else then
Set commonlindicesCount[index] = 1
end if
end for
end for
Set mostFrequentindices = maximum of values of commonindicesCount
recommendations = get the most frequent indices from
mostFrequentindices
for each recommendation from the recommendations do
print trainData[recommendation]
end for
end if
end for

The implemented algorithm has followed the steps given below:

e The algorithm takes the user input and authenticated data in the two-dimensional
list format, where every list (inside the list) has the address.
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Another two-dimensional list is created for individual address item (for Street
Name/City/Province/Postal Code) separately from the authenticated data, that
contains the sorted address item along with the original indexing.

The user input data runs in a loop to get a single address at a time to verify its
authenticity. Within the loop, a new list of original indices from external data for
an individual input address item is created. This list is retrieved from binary search
function, which takes input address item and a two-dimensional list of external
address item along with their indices.

The binary search function keeps searching for the sent input address item in a list
of external address item and records all the indices of external address item into a
list when the match is found.

After getting all the separate lists of original indices for input address items, a check
of common indices for all lists is done. If a common index is found among the lists,
then it verifies the correctness of input address. Otherwise, the input address has
errors in it.

To recommend the correct address for a negative case, all the separate lists of
original indices are put as an item into a new list. A new dictionary is created now
to have all the indices as keys and their counts as values from this two-dimensional
list.

Using max function, the highest value from the dictionary is retrieved and saved in
anew variable. Then a loop on the keys of dictionary runs following an if condition,
where the value is retrieved from dictionary using its key. If the retrieved value is
equal to max function value, then the key is stored in a list for recommendation.
Finally, a loop runs on the list of recommendation to extract out the original indices
of authenticated data to make recommendations for the specific input data. Those
results are printed as recommendations.



Chapter 3

Design and Implementation

This Chapter discusses the design of the prototype, how it was implemented, the logic used
for evaluation and how the desired results have been achieved to recommend the possible

correct addresses.

3.1 Technology Used

The general problem was to clean user input data with the help of authenticated data. There
are a number of machine learning techniques which would be helpful for cleaning up the
data [9]. In this project, matching dependency technique was chosen [3].
This method is dependent on the external source of authenticated data which could be of
any data type, for example —

e dictionaries

e lists

e two dimensional lists

Python and repl.it [4] (an online interpreter) were used to implement this technique.
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Figure 3.1: repl.it online interpreter homepage
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3.2 Data

The user input data used in this project, which contains the lists of addresses, is manually
created. Even though this data may not exist in real, the format used is the same as any
existing address.
In our sample data, we have considered:

e Street name
City
Province

Country
Postal Code/Zip Code

This data typically is used for USA and Canada, as every other country could have its own
address format. USA/Canada addresses are pretty much similar; the only difference is in
the formatting of postal code or zip code.

For Canadian postal code, it’s a six-character alphanumeric string (example: ANA NAN,

where A represents an alphabetic character and N represents a numeric character).

M4B 1G5

Figure 3.2: Canadian Postal Code structure
FSA stands for Forward Sortation Area [1] which is a first half portion of the postal code.
It represents a specific area within a major geographic province or region. The first
character of FSA identifies one of the 18 major provinces, districts or geographic areas as

shown in Figure given below:
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Figure 3.3: First segment of the Postal Code
The second character of FSA identifies either an urban Postal Code which is a numeral
from 1 to 9 (ex. V8BN), or a rural Postal Code which is numeral 0 (ex. AOA). The third
character of FSA segment (E2J) in conjunction with the first two characters, identifies the

exact area in the town or city or other geographic region.

Figure 3.4: FSA example

LDU stands for Local Delivery Unit, which is the combination of last three postal code
characters, identifies the address more accurately within the range of given FSA or Forward

Sortation Area. In urban areas, the last three postal code characters may indicate a single
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building, a specific city block, or a large-volume mail receiver. In rural area, the last three

postal code characters along with the forward sortation area, identify a specific rural
community.

For American zip code, it’s a five-digit numeric value (example: NNNNN, where N
represents a numeric character). The USA is divided into geographical areas and the first

digit of zip code identifies one of these area:

0 = Connecticut, Massachusetts, Maine, New Hampshire, New Jersey, Puerto Rico,

Rhode Island, Vermont, Virgin Islands, Army Post Office Europe, Fleet Post Office

Europe

o 1 =Delaware, New York, Pennsylvania

» 2 = Dastrict of Columbia, Maryland, North Carolina, South Carolina, Virginia, West
Virginia

* 3 = Alabama, Flonida, Georgia, Mississipp1, Tennessee, Army Post Office Americas,

Fleet Post Office Americas

4 = Indiana, Kentucky, Michigan Ohio

5 = lowa, Minnesota, Montana, North Dakota, South Dakota, Wisconsin

6 = Illino1s, Kansas, Missourni, Nebraska

7 = Arkansas, Louisiana, Oklahoma. Texas

8 = Arizona, Colorado, Idaho, New Mexico, Nevada, Utah, Wyoming

9 = Alaska, American Samoa, Califorma, Guam, Hawai, Marshall Islands,

Federated States of Micronesia, Northern Mariana Izslands, Oregon, Palau,

Washington, Army Post Office Pacific, Fleet Post Office Pacific

Figure 3.5: USA Zip Code first digit details [2]
The next two digits in the zip code identify the region in that geographical area. The first
three digits together show the Sectional center facility [12]. The fourth and fifth digits
identify the city or a village/town.
The data sets which were used as unclean user input data and external source of data in this

project are given below:
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# Address - Street Name, City, Province, Postal Code

my data = [["Chicago Street","Toronto","ON","Canada",b"852963"],
["van StreeT","Vancouver", "BC","Canada","123456"],
["Mckenzie Avenue","Victoria","BC","Canada","133456"],
["Mckenzie Avenue","Victoria","BC","Canada","133457"],
"Vernon StreET","Calgary","CB", "Canada","789426"],
["Man Street", "Hampton", "NB", "Canada", "556631"],
["Freeport Street", "Salina", "KS", "USA", "27899"],
["Ocen Drive", "Detin", "FL", "USA", "32550"]]

Figure 3.6: User input data with uncleaned data sets

ext data = [["Mckenzie Avenue","Victoria","BC","Canada","133450"],
["Mckenzie Avenue","Victoria", "BC","Canada","133451"],
["Stone Avenue","Winnipeg","MB","Canada","133452"],
["Van Street","Vancouver", "BC","Canada™,"12345e"],
["Chicago Street™,"Toronto","ON","Canada","852963"],
["Begbie Street"™,"Victoria","BC", "Canada™,"789456"],
["Shelbourne Street","Vancouver","BC", "Canada","789458"],
["Young Street","Halifax","NS", "Canada","78945%"],
["Maple Street”,"Montreal™, "QC"™, "Canada",6"785416e"],
["Vernon Street","Calgary","AB", "Canada™,"78%9426"],
["Main Street™, "Hampton", "NB", "Canada", "556631"],
["Brown Street","Groton Avenue", "SD", "USA"™, "57701"],
["Kingston Avenue™, "Ney York", "NY", "USA", "10021"],
["Palm Way","Austin", "TX","USA","78758"],
["Holiday Drive™, "Moorhead", "MN", "USA", "56560"],
["Freeport Street™, "Salina", "Ks", "USA", "278%¢6"],
["Skyland Park"™, "Topeka", "KS", "USA"™, "10508"],
["Vine Street", "Sebring™, "FL", "USA", "33870"],
["Ocean Drive", "Destin", "FL", "USA", "32550"],
["Lincoln Road", "Miami", "FL", "USA", "33139"]]

Figure 3.7: External data which has authenticated data sets of addresses

After running the algorithm on the above data sets, we get following results:



Python 3.6.1 (default, Dec 2015, 13:05:11)
[GCC 4.8.2] on linux

Final result:

Recommendation for [ ‘Mckenzie Avenue', 'Victoria', 'BC', 'Canada’, '133456°]
[ '"Mckenzie Avenue', ‘Victoria', 'BC’, "Canada’, '133450']
[ "Mckenzie Avenue', 'Victoria®', 'BC’', 'Canada’, "133451’]

Final result:

Recommendation for [ ‘Mckenzie Avenue®, 'Victoria', 'BC', 'Canada’, '133457']
[ '"Mckenzie Avenue®', ‘Victoria', "BC’, "Canada’, '133450']

[ "Mckenzie Avenue', 'Victoria®', 'BC’', 'Canada’, "133451’]

Final result:
Recommendation for [ 'Vernon StreET', 'Calgary’, 'CB', 'Canada’, '789426"]
[ "Vernon Street®’, 'Calgary’, 'AB’', 'Canada’, '789426']

Figure 3.8: Generated output (part 1) on running the algorithm



Final result:
Recommendation for ['Man Street’', "Hampton®, 'NB', 'Canada’, '556631']
[ 'Main Street', 'Hampton', 'NB', 'Canada’, "556631']

Final result:
Recommendation for [ 'Freeport Street’', 'Salina’, 'KS', "USA', "'27899']
[ 'Freeport Street’, 'Salina’, 'KS', "USA', "27896"]

Final result:
Recommendation for ['Ocen Drive', 'Detin’, 'FL", 'USA', '32550']
[ ‘'Ocean Drive', 'Destin’, 'FL', "USA', "32550°']

Figure 3.9: Generated output (part 2) on running the algorithm

Since it is a small set of results, it can be seen manually that the results have two false
positives and zero false negatives. The recommendations which have false positives and
false negatives, also contain the relevant result.

The analysis results are given in Table 3.1:
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Table 3.1: Evaluation analysis data of 20 records

External data size 20
Test data size 8
No. of errors in test data 6

Type of Errors Misspelled street name/city/province/country/ postal code
No. of recommendations 6
No. of false positives 2
No. of false negatives 0

Time taken

nearly 0.12 second

False positive is the count of the input records which have more than one

recommendations. False negative is the count of the input records which are valid but the

authenticated data does not have information about those records.
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Chapter 4

Evaluation

This chapter provides a brief evaluation of the Matching Dependency Technique with 968

and 14911 records of USA/Canada addresses, which were generated online.

4.1 Test Data Generation

The first task for the evaluation was to have some large amount of data to test the
implemented technique. This data needs to be in the following format for the USA/Canada:
[Street Name, City, Province, Country, Postal Code]

The online generated data was a complete address, which had the whole street address
instead of street name (shown in Figure 4.1). In this case it is important to note that French
is spoken and practiced in Quebec, Canada. The city names of Quebec are also in French.
Since | have only handled English language values in this project, | removed all the Quebec
records from the test data programmatically. After applying that filter, 1 got 968 addresses
from 1000 in a list of JSON format.

The next task was to fix the street address issue, in other words, | needed to convert the

street address into street name.
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| downloaded a randomly generated list of 400 street names for North America. The

sample list is shown in Figure 4.2:

Bridge Street
Cambridge Drive
Grove Avenues
Canterbury Drive
Railroad Avenues
Lantern Lane
Fast Avenue
Victoria Court
Homestead Drive
Augusta Drive
Park Street
Evergreen Drive
Pin QOak Driwve
Lexington Court
Tanglewood Drive
Race EStreet
Forest Avenus

Figure 4.2: Sample of online generated street names [6] [7] [8]
| converted the above text data into a list of data programmatically. The sample list is

shown in Figure 4.3:

Figure 4.3: Sample list of online generated street names

The address data set had the whole street address, which | updated programmatically with
the list of street names shown in the above figures. This left 968 USA/Canada addresses
and 400 street names. For every 400 address records, the list of street names was used to
replace the street addresses consecutively. The sample of address records with updated

street names is shown in Figure 4.4:
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Figure 4.4: Sample authenticated data JSON for evaluation

The data shown in Figure 4.4 was considered as the authenticated data for evaluation

purposes. For the user input data which may contain misspelled/wrong values in the set of
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addresses, | copied every 10th dataset programmatically from the authenticated data and

stored it separately in another JSON file.

Since the user input data is retrieved from the authenticated data, | manually made mistakes

randomly in user input data JSON. The sample of user input data with incorrect values is

shown below in Figure 4.5:

__=ﬁmmﬁm="=mvoo“mpm0&=_=mmmpmﬁmpﬂcp="=hﬂpcsoo=_=q”="=mucﬂbou&=_=mHOHsm="=hpﬂpz‘zpusouumﬁmo="=mgm2pmmupm=_
"(,9T058, 800 TEIS0F, ', S0%e35 pedmun, ¢ A1yuna), ',¥, :eouTAcdq, '.Eseq, ,A1m0, ' 199135 U39, :,AuEN J3a15,)
{9687, +,3P0) TEI804, °,591815 DALY, Aoy, ! 5y, ! BOUTAOIG,, ! eyadog, "=>pﬂo= ! peoy Amgratue), @ 2wEy 128123, )
",GA7 W7, ¢, ER0) TRasod, ' Epemey, o Amame, LN, ! BUTAOIE, BT TUYMOTTSR, "=>pﬂoz "1 anoy, ARy 18115, )
59 850, ¢, 3000 TR2s0d, ' ey, o Amme, L3, ! UTAOIE,  DIOTIRLS, "=hpMU= ', 188115 Y194, AR 188115, )
{840 ¥5A, +,8000 Te3804, ', Bpeued, : Axamog, ' 0g, ¢.eoutsord, f Aespy, Mo, ! dee1ag ebprg, o By 188135}

Figure 4.5: Sample test data JSON for evaluation
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4.2 Evaluation

The test data JSON has a combination of misspelled/wrong street name, city, country,
province and postal code.
After running the implemented technique against the JSON files of test data and

authenticated data, we get the results shown in Figure 4.6, Figure 4.7, Figure 4.8:

a5

"Canada’,

"Canada’,

"Canada", 'K4K 4Z5

"Canada’,

"Edmundston’, "NH",
Canada®, "E7G 1L8"]

['Bridle tt, nt, "Cnada’,

[1F:‘,|:||_Jj.-.- 1 8¢
‘Dieppe’, 'NB®,

‘Canada’, "VSM 839']

Figure 4.6: Evaluation result part 1
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Final re
ecomme n for erury "Yellowknif
'Canada’,

tion for

et Morth®,

]

ion for ['Route 3°, 'Edmundsto’,
,» " Edmundston®,

lecomme ion for
[ "Heather Court®,

Figure 4.7: Evaluation result part 2



n for ['Bidle Lane’,

on for ['I
'Frankfo

Figure 4.8: Evaluation result part 3
The actual output is much longer than the results shown in the above figures. The analysis

of the above test is given in Table 4.1:
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Table 4.1: Evaluation analysis data of 968 records

External data size 968

Test data size 97

No. of errors in test data 41

Type of Errors Misspelled street name/city/province/country/ postal code
No. of recommendations 41

No. of false positives 2

No. of false negatives 0

Time taken nearly 0.45 second

4.3 Large Data Evaluation

Initially | created the data set of 1000 records to do the evaluation to test the implemented
technique. Another milestone was to test it with a data set larger than the initial evaluation.
This time | created 15000 address records for USA/Canada (7500 each) in the same way.
Afterwards | took out 1500 records from large data JSON (every 10" record)
programmatically and saved it in another JSON file separately, which will be used as user
input data.

Currently the user input data has clean records. So I inserted incorrect values into user input
data programmatically in the following way:

Every 5" street name is set to “bad_street name”

Every 10" city name is set to “bad_city name”

Every 20" province name is set to “bad_province name”

Every 40" country name is set to “bad_country name”

Every 12" postal code is set to “bad_zipCode”, where the record divisible by 10
was ignored.
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If all the values of an address are wrong in the user input data, then the algorithm will fail

because of its design. We have used max() in Python, which will throw ValueError if an
empty sequence is provided to it. So, while creating user input data, | made sure that no
address record is completely wrong.

The evaluation results with the large data set are shown in Figure 4.9, Figure 4.10, Figure

4.11:



Y'E

al u
ommenda

_name’, ‘bad intry_name’,

al ult:
ommendation for [

Figure 4.9: Large-data evaluation result part 1



Final resu

Figure 4.10: Large-data evaluation result part 2



Figure 4.11: Large-data evaluation result part 3

The above results are the starting piece of actual result, which is huge in size. The

analysis of the test with 15000 records is given in Table 4.2:
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Table 4.2: Evaluation analysis data of 14911 records

External data size 14911
Test data size 1492
No. of errors in test data 399

Type of Errors Misspelled street name/city/province/country/ postal code
No. of recommendations 400

No. of false positives 11

No. of false negatives 0

Time taken

nearly 15 seconds

We did analysis with many other data sets of different sizes, from 2000 and 14000. The

recorded time for all the evaluations is shown in Figure 4.12:
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Figure 4.12: Time analysis for different sizes of data sets
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Table 4.3: The data of evaluation analysis for different sizes of data sets
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The errors for the evaluation Table 4.3 are misspelled street name/city/province/country/

postal code.
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Another evaluation was done, where the user has entered valid data but the record is

missing in the authenticated data. The output is shown in Figure 4.13

Final result:

Recommendation for ['Bramber Road', ‘'East Gwillimbury', 'ON’', 'Canada’, 'L7K 1Y1']
‘Lakewood Avenue', 'Kapuskasing', 'ON', 'Canada’, ‘K73 1M1']
‘Batterswood Drive', 'Port Hope', 'ON', 'Canada’, 'N6W 8W9']
‘Acton Avenue', 'Osgoode’, 'ON', 'Canada’, 'P3E 4C0']
‘Burridge Road', "Welland', 'ON', "Canada', 'K1K 3E9']
‘Lane N College E Lansdowne', ‘Kearny', 'ON', 'Canada’, 'K6G 4A4°]
‘Lane E Indian Road Crescent S Annette’', 'Kapuskasing', 'ON', 'Canada’, 'N7P S5M7']
‘Lane E Spadina N Lonsdale’, ‘Gloucester’, 'ON’', 'Canada’, 'K8C 3Ce']
‘Emmett Avenue', ‘Newmarket', 'ON', 'Canada’, "NIT 6C1']
‘Lane 1 W Sherbourne S Richmond', 'Northumberland’', 'ON', 'Canada', 'P3B 0P@']
'Elm Grove Avenue', ‘Aurora’, 'ON', 'Canada’, 'L6C 1X9']
‘6 Point Road', 'Whitby', 'ON', 'Canada’, 'P7C 8HO']
‘Green Belt Drive', 'Cornwall’, 'ON', 'Canada’, 'P5X 8A4']
‘Grovedale Avenue', ‘Newbury’, 'ON', 'Canada’, 'K6R @Y4']
‘Lane N Dundas W Tiverton', 'Goderich’, 'ON', 'Canada’, 'N2V 3L9']
‘Dundurn Crescent ‘Cumberland’, 'ON’, 'Canada’, 'L5P BA3"]
‘Lane 3 N College W Margueretta', 'Owen Sound’', 'ON', 'Canada’, 'K6M 4X8']
‘Coral Gable Drive', 'Scarborough’, 'ON', 'Canada’, 'N9J 3N8']
‘Pendergast Street’, 'Aurora’, 'ON', 'Canada’, "M6Y 6Z8"]
‘Ffolkes Court', 'Orilla‘’, 'ON’, 'Canada‘’, "MS5K 6R7']
‘Central Park Roadway', ‘Kearny', 'ON’', 'Canada‘’, 'POP 2T0']
‘Lamay Crescent', ‘'Cobourg’', 'ON', 'Canada’, 'P1S 3E3']
‘Gemini Road', 'Bath’', 'ON', 'Canada’, 'P4P 8X2']
‘Lane N Dupont E Perth', 'Markham’', 'ON', 'Canada’, 'N@K 6S1°]
‘Easthampton Drive', 'Midlands’, 'ON', 'Canada’, 'MSH 8K@']
‘Drummond Street', 'Hearst', 'ON', 'Canada’, 'MOE 4E1']
‘Lane N Bloor W Manning', 'Blind River', 'ON', 'Canada’,
‘James Gray Drive', 'Vaughan', 'ON', 'Canada’, 'MAT 3A6']
‘Azzarello Lane', 'Bath’', 'ON', 'Canada’, 'L1S 3B3']
‘Lane E Wychwood S Louise®', 'Norfolk County’, 'ON', 'Canada’, "K9C 83J1']
‘High Street’', ‘Newmarket®, 'ON’', 'Canada’, "'N4N 6N1°]
‘Athlone Road', "Ajax’', 'ON', 'Canada’, 'N7K @Y@']
‘Lane N Eglinton W Latimer', ‘Ramara’, 'ON', "Canada’, 'PO9R 8R9']
‘Carnarvon Street’, ‘Russell’, 'ON', 'Canada’, 'NSE 5T6']
‘Chudleigh Road', 'Owen Sound', 'ON', 'Canada', 'N2N 3H4']
‘Falwyn Avenue', ‘Barrie’, 'ON', 'Canada’, 'LOX 3ve']
‘Braga Gardens', ‘Greater Sudbury', 'ON', 'Canada’, 'P1L 6M7']
‘Castlebar Road', ‘'Norfolk County', 'ON', 'Canada’, 'M8M 3L0']
‘Crimson Millway', ‘Burlington’, 'ON', 'Canada’, 'N6G OR5']
‘Connaught Road', 'Renfrew’', 'ON', 'Canada’, 'K4T 9C7°]
‘Clueson Park', 'Whitchurch-Stouffville’, 'ON', 'Canada’, 'L1S 5P7']
‘Dentonia Park Avenue', ‘'Windsor®', 'ON’, 'Canada’, 'N2Z 6S52']
‘Hilda Avenue', ‘Lakeshore’, 'ON’', 'Canada’, 'L7G 1Y5']
‘Carnahan Terrace®', 'Quinte West®', 'ON’', 'Canada’, 'K6B 7T1']
‘Lane N Bloor W Westmoreland', 'Cornwall’, 'ON’', 'Canada’, 'K4C 3G3']
‘Pennsylvania Avenue', ‘Port Hope', 'ON’, 'Canada’, 'M@J 8V5']
‘Hanley Street', ‘Newmarket', ‘ON', 'Canada‘’, 'P3M 7T72']
‘Chillery Avenue', 'Ajax’', 'ON', 'Canada’, 'M6L 13J0']
‘Ladyshot Crescent', 'Kingston', 'ON', 'Canada’, 'N2X 1R6']
‘Adeline Court', 'Cumberland’', 'ON', 'Canada’, 'NSN ON6']
‘Kingsview Boulevard', 'Vaughan', 'ON', 'Canada’, 'L1S 63J1°]

‘Anastacia Court', 'Township of Minden Hills', 'ON', "Canada‘’, 'L3J 0L6"]

Figure 4.13: Evaluation result when valid address is missing in external data
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To continue the evaluation with the above result, when | saved the entered address in the

authenticated data, the output did not recommend anything to the entered address.

['b

, "Flin Flnn‘?

Figure 4.14: Evaluation result after saving the valid address in authenticated data
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All the evaluations were done on a personal laptop with the following configurations:

e System Model: HP Pavilion g6 Notebook PC
e Processor: Intel Core i3-2350M CPU @ 2.30GHz
e Installed Physical Memory (RAM): 6GB
The operating system is Microsoft Widows 10 Pro 10.0.17134 and the Python version is

3.6.1.
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Chapter 5

Conclusions

This chapter shows the possible future work, which can improve this algorithm. It also

concludes the work and my contributions.

We can conclude the following points from the performance of Matching Dependency
technique:

e |t can be one of the useful techniques in the clean up of any kind of data set which
has bad input data.

e |t is able to handle the large data sets as the binary search has been used, which
improves the search process efficiency.

e The data set clean up process became easier as the implemented technique finds out
the unclean data sets and then makes corresponding possible recommendations.

5.1 Contributions

The following summarize the contributions of this project:
e Research was done with the papers on machine learning and techniques to explore
data cleaning [3] [9]. The Matching Dependency technique seemed promising for
data cleaning process.

¢ | implemented the technique using Python language and self-created data sets, user
input data and authenticated data.
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For evaluation process, | generated large data sets of different sizes, ranging from
1000 to 15000.

To have deep analysis | evaluated time, size of user-input/authenticated data sets,
number of errors in user-input data, false positives, false negatives and type of
errors, for all different sizes of data sets.

Future Work

The matching dependency technique that has been implemented in this project, may be

improved as follows:

Street number can be added in the data sets, which would get more efficient results.

Another search algorithm such as Hash Tables, could be used instead of binary
search to make this implemented technique work more efficiently [10].

A more developed machine learning technique [11] could be used. For example, if
the street name is “Albion Road” and the user has entered the street name as
“Albion Rd”, then the advanced technique should find it as good input data and use
it as valid data to verify other entries for the same address.

The addresses in French (from Quebec, Canada) could also be handled.

All wrong values in an address could get relevant recommendations.
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Appendix

Binary Search pseudo code

function binarySearch(sortedList, item)
Set first=0
Set last = length(sortedList) - 1
Set found = false
while first <= last AND not found do
Set midpoint = (first + last)//2
Set userInput = item.lower()
Set trainltem = second element of midpoint of sortedList
if trainltem = userlinput then
indexValue.append(first element of midpoint of sortedList)
delete midpoint of sortedL.ist
return binarySearch(sortedList, item)
else then
if userinput < trainltem then
last = midpoint - 1
else then
first = midpoint + 1
end if
end if
end while
return indexValue
end function
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