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Chapter 1

Introduction

Kramp is a company based in Varsseveld that stores and sells items for agricultural business andgarages. This can range from tractors to boots and work outfits. On their part Kramp promisesthat for most parts, if an item gets ordered, the item will be delivered early in the morning theday afterwards. This generally means that they will deliver it before the businesses opens thenext day. Most of the orders that these businesses make are done on the web shop of Kramp.This web shop, as most web shops, has a search functionality. To help out the user withsearching for items, Kramp has an auto complete and did-you-mean functionality. The autocomplete functionality is the menu that appears under the search field with suggestions for thecurrent search string that you are typing. The did-you-mean functionality is the function thatshows suggestions of a better search string after a search is executed and possibly did notyield desired results. These suggestions generally start with ‘Did you mean ...?’.Kramp currently has both these functionalities running on their web shop. However, they arenot completely satisfied with the current system, since it does not deal with product numbersand typing mistakes very well.This report shows the research of a group of students (the writers of this report) of the Uni-versity of Twente to find a better implementation of both these functionalities for the web shopof Kramp.

1.1 Requirements
Firstly, a list of user requirements are made. These are gathered from meetings with and emailsfrom Kramp. From this, a list of system requirements is made and categorized in different prior-ities.
1.1.1 User requirements

1. Implement a did-you-mean functionality
2. Implement an auto complete functionality
3. A manual should be made on how to integrate the functionality into Kramp’s system
4. Pre-processing is preferred over calculations at runtime
5. The user should not have to wait long before getting a suggestion
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6. The functionality should not be built directly into the currently existing Kramp system
7. Test measurable differences between old and new system
8. Kramp’s software should be able to communicate with the system
9. The did-you-mean should only return one suggestion

10. The auto complete should be able to give back multiple suggestions
11. Give an elaborate report about the system’s performance
12. Kramp should be able to use javadoc to understand specific code segments
13. A GUI should be made to show the proof of concept

1.1.2 System requirements
The system requirements are prioritized according to theMoSCoW-method: Must, Should, Couldand Won’t. Every table corresponds to one of the priorities. Furthermore, they are documentedusing the SMART-principle, however, without the time component, since there is no real plan-ning yet and saying everything should be done before the end of the project is redundant andirrelevant.
Must

These are the requirements that must be done before the project can be called done.
1. The system must be able to use auto complete to give suggestions for a search string
2. The system must be able to use did-you-mean to give a suggestion after a search stringhas been used
3. The system must contain a simple GUI for the proof of concept, which showcases bothfunctionalities
The first three requirements are the core of the project, these are specifically what Krampgave as core requirements and therefore are essential to be completed. The GUI is a more tech-nical must. There must be a GUI for the proof of concept (PoC), because otherwise no clearexample for the auto complete functionality can be shown, since it should change for every let-ter that you type which is not possible in a TUI.

Should

These are the requirements that should be done at the end of the project, they are preferred, butnot crucial for the project.
1. The system should learn every time a user enters a search string
2. The systemshould learnwhich search strings are successful by looking at previous searches
3. The system should correct typing mistakes in both the did-you-mean and auto complete
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4. The system should link similar search strings and only suggest search strings that givethe best results
The first and third requirement are smaller parts of the did-you-mean or auto complete func-tionality that are important for an optimal implementation of these functionalities and for thebest user experience when using these functionalities. The second and fourth requirements areabout making the most of the data that could be gathered for an optimal user experience. Allthese are parts of possible implementation and improvements on the most basic way to imple-ment these functionalities. Therefore, they are not a must, but definitely a should for a resultthat will make the user happy.

Could

These are requirements that could be implemented, they would be nice features for a final prod-uct, however, far from essential to finishing the project.
1. The system could support fully personalized search functionality
2. The system could link (mistyped) searches with previously bought items in a personalizedway
3. The system could keep track of single search words instead of entire search strings

All these requirements areways to improve a basic implementation of the did-you-mean and autocomplete functionality. They are far from essential for the project. However, they would makefor an improved user experience and more precise results. Therefore, they would definitely bepositive additions to the project.
Won’t

These are the requirements that will not be implemented. These are important to show thebounds of the project and to show Kramp what they can not expect from this project.
1. The system won’t be fully implemented system in Kramp’s webshop
2. The system won’t improve product information with product data
3. The system won’t improve the entire search algorithm

1.2 Project phases
The project will go through multiple phases. The first phase, in which goals and requirementsare defined, is covered in the project proposal, which is a separate document on its own. Forthis reason, it will not be covered again in this design report, except for the requirements andmeetings, which are listed below.The second phase will consist of research into the different functionalities. In this phase,different algorithms will be researched and looked at which might be the best solution. A con-clusion will be made from all the research, and a specific approach will be chosen.The third phase will be the designing of the chosen approach in the previous phase. Thiswill include pseudo-code and explanations of the algorithms deemed best, and a diagram of theexpected class structure.
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The fourth phase will be the implementation of the design. This part will not be documentedin this report aside from design choices. Except for from programming and documenting algo-rithms, unit tests will also be written to make sure that the code does not contain any errors.In the final phase the final documentation and explanation of the code will be done. Thisincludes a manual on how to integrate the code with another code base, and how to extend thecode if desired.
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Chapter 2

Research into auto complete

Research is conducted to find different ways to design the auto complete. Different optionsare listed and advantages and disadvantages are derived. Additionally, information is gatheredabout the data that is used and how it is processed and inserted in the algorithm. This will helpto make an educated decision about which algorithm to use.

2.1 Defining search queries and search terms
To clarify the difference between input from a user and already collected data, two differentterms will be used.A ‘search query’ is a full search term (can be multiple words) which has been used by a userand has been captured in a database. A search query is therefore a piece of data which is alwaysavailable.A ‘search string’ is a full search term (can be multiple words) which has been input by a userat the time of searching. This is only momentarily available. A search string can be stored,however, making it a search query.

2.2 General idea
The auto complete functionality completes the current search string to a likely search query. Forexample, when a customer types ‘batte’ it is very likely that this will result in the word ‘battery’.The auto complete will, therefore, suggest this word together with other related search queriesthat are possible completions of ‘batte’. The auto complete function will suggest a completesearch query from the point where only one letter was typed. Data structures will be used thatare filled with search queries that were used in the past, by users, to search for products. Theweight of search queries will be the deciding factor in the choice if a search query is suggestedor not. The weight is a number indicating the predicted usefulness of a search query.

2.3 Data
The data that was received from Kramp contains a list of search queries. For each search queryit is listed howmany times it was searched for, the number of page views per search, the percent-
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age of search exits, the percentage of search refinements, the time that is spent on that pageafter a search and the average search depth. The most important data for this project is thesearch query, the number of times it was searched and the percentage of search refinements.From the percentage of search refinements a percentage of successful searches can be derivedafter which a weight can be calculated for every search query. These weights with their corre-sponding search query will be used in the chosen algorithm so that only search queries that aregenerally successful are suggested. How the weights will be calculated is to be determined bytesting different formulas for calculating the weights.

2.4 Algorithm options
From the provided data suggestionsmust be given as quickly as possible. How fast suggestionscan be given depends on the algorithm used which in turn closely relates to the data structureinto which the data is put. During the research period several data structures were found. Allof them are trees, as this facilitates an efficient way to search for a string. The disadvantageof a tree is that it needs to be initialized, which is time consuming. However, this only needsto be done once. Furthermore, after the data is stored in a tree in memory, the searches canbe performed much faster than a linear search (O(log n) instead of O(n), where n is the searchword length). The amount of memory that is used and the amount of processing power it savesdepends on what kind of tree is used. In this section multiple options will be discussed.
2.4.1 Trie
The National Institute of Standards and Technology defines a trie as “A tree for storing strings, inwhich there is one node for every common prefix. These strings are stored in extra leaf nodes.”[1]In other words, a trie is a tree where the path to every node is a prefix where every node in thepath adds one letter so that at every leaf there is a complete word. The value of a node is therepresentation of the likelihood that that node is the desired end node. This value will only beassigned to the node if the word at that point exists in the dictionary.To enhance the trie for auto complete specifically, a number of words that are likely to be thedesired word of a certain node can be added to the trie. This way the algorithm will use morememory, but the execution time of a search will be faster.The trie will be built when the algorithm is initialized and then stored in memory. This waythe trie can be used very quickly for searches, but it is relatively slow to update it. Because ofthis, it is required to regularly re-initialize the algorithm to keep the auto complete up-to-date.
Advantages

• Good search time complexity compared to other options
Disadvantages

• Needs initializing which is slow
• Bad space complexity
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2.4.2 Ternary search tree
A ternary search tree (TST)[3] a type of trie. The root of a TST is a letter, instead of an emptystring as in a trie. Instead of creating a child node for every letter that could be next as is donein a trie, a TST has a maximum of three child nodes. The left child node contains a letter whichhas a lower value than its parent, the right child node a letter with a higher value. The child nodein the middle is the next letter, which can come after its parent.When a search for a specific string is conducted in a TST, first is checked if the value of thecurrent node is the equal to the first letter of the string that is searched. If this is true, the searchcontinues to the next node and the first letter of the string is deleted. This continues until eitherthe string ends or a leaf is reached.If the first letter of the string is not equal to the value of the current node, the search iscontinued in either the left or the right child node, depending on whether the value of the firstletter of the string is higher or lower than the value of the current node.
Advantages

• Decent space complexity
• Uses less memory than a normal trie

Disadvantages

• Needs initializing which is slow
• little worse time complexity than a normal trie

2.4.3 Prefix tree
In a trie a single node could contain multiple however to reduce the time needed for buildingand updating the tree the tree can also be build with only a single character per node. This alsohas some adventages when querying the tree. This type of trie implementation will be calledprefix tree in this report. Furthermore to reduce memory costs the whole words are not stored inthe leaf since the entire word is already stored on the path to the leaf, the leaf only contains theweight or score of the word. And for faster querying the top k the highest score of the childrenof a node is also stored in the node. In Figure A.1 an example of a prefix tree is depicted.By implementing the prefix tree this way, a given prefix (the letters that are already typed bythe user) corresponds to one node in the tree. By recursively descending the tree, choosing eachchild node which corresponds to a letter with the highest weight, the keyword with the highestweight, in a dictionary of n keywords, can be found in a time proportional toO(log n). Getting thebest k keywords by weight, which is the problem to be solved, by a given prefix can be done in
O(k log n). Furthermore, the data structure that is needed requires space proportional toO(n)[2].
Advantages

• Able to provide the best k results
• Good time complexity
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Disadvantages

• Needs initializing which is slow
• Bad space complexity

2.5 Conclusion
The normal trie and the TST are roughly the same complexity, except for the fact that the trieuses more memory to search faster while the TST saves memory and searches a little slowerbecause of that. The prefix tree is a lot like a normal trie, but it stores a little extra data to befaster and to be able to give the best k keywords. This requires a little extra memory. BecauseKramp preferred pre-processing, the best choice is the prefix tree. The prefix tree has the besttime complexity together with the normal trie and is perfect for this application, because morethan one suggestion is required. The fact that it uses more memory does not weigh up againstthe advantages.It was expected that the data that was provided by Kramp would limit the options that werelisted, because there was a chance the right data was not available. Luckily this was not thecase.
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Chapter 3

Research into did-you-mean

3.1 General idea
A did-you-mean function is meant to help the user after they have already searched for some-thing. After pressing enter or clicking the search button there may be very little to no resultsfor the search string, because it could be misspelled for example. A did-you-mean functionalitythen gives one or more suggestions to help the user improve their search string. A good exam-ple is Google’s did-you-mean: they use the did-you-mean to help the user after their search, bysuggesting corrections for possible spelling mistakes.This differs from the auto complete functionality. First off, the auto complete suggestssearch strings before the user actually presses the search button. Additionally, it gives sug-gestions that will help improve the users search speed by suggesting popular search stringswhile the did-you-mean helps the user improve his search by correcting spelling mistakes andthe sort.The algorithm should look for the word that the user most likely meant after searching forsomething with no results. There are several options to determine what would classify as mostcorrect search query, which will be chosen later.

3.2 Definitions
To help with the understanding of certain data structures, two definitions will be defined here.The Levenshtein distance is the minimum amount of deletions, insertions and substitutionsto change one word to another [9]. This is also known as the edit distance. For example, theLevenshtein distance between ‘ofxd’ and ’food’ is 3: an ‘f’ is inserted at the start, the second ‘f’is substituted with an ‘o’ and the ‘x’ is deleted.An n-gram is an n-character long slice of a longer string w [10]. For example, the 3-grams ofthe word ‘text’ are _TE, TEX, EXT, XT_ and T__. The underscores (_) represent blanks.

3.3 Algorithm options
As with the auto complete the main difference between did-you-mean options is the data struc-ture used by the algorithm. To create a good did-you-mean functionality it is important that alot of data is stored, containing a list of existing words or often used search strings. Of course
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storing all this information costs a lot of space and searching through this data will take increas-ingly more time as the amount of data grows. Making sure that the data is stored as efficientlyas possible separates the good algorithms from the bad ones. In this first section we will gothrough some of these algorithms that were considered for this project.
3.3.1 Associative array
This is one of the most straightforward ways of making a spell corrector. The search string iscompared to a list of known words and the Levenshtein distances between the string and thewords in the list are calculated. For words with an equal Levenshtein distance, probability isused to determine which word is suggested (or suggested first).An associative array (also known as a map), is a list of (key, value) pairs. This way searchqueries can be mapped to their 1-grams, 2-grams and so forth. The search string’s 1-grams willbe calculated and searched for in themap. If this returns nothing useful, try againwith the searchstring’s 2-grams, and so forth, until something valid returns.This algorithm is also the basis for a lot of other algorithms that will be discussed next.The concept of checking the distance between the search string and a collection of words andusing probability to determine the best is used by a lot of algorithms. However, the way thesecollections of words are stored, created and searched differs much.
Advantages

• Easy to implement
Disadvantages

• Takes a lot of space
• May take a long to find something relevant

3.3.2 BK-tree
A BK-tree[5] a tree created from the current collection of search strings creating a kind of dic-tionary. This is done in the following way. Choose a random word as root of this tree. Then foreach other word in the dictionary look at the Levenshtein distance of the word to the root andgo over the edge that has the same distance, where each edge corresponds to the Levenshteindistance between the connected nodes. Recurse over all the child nodes, until there is no edgefor the calculated distance. Finally that will be the place of this word.When querying the tree with a certain error range n. Calculate the Levenshtein distance dbetween the current root and the search string, if it is smaller than or equal to n add this term toyour output list and continue querying going through the child notes on the edges that are in therange of d - n to d + n.An example of this can be found in Figure B.1.
Advantages

• Small storage space
• Can be queried efficiently
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Disadvantages

• Pre calculation takes long
• Loses a lot of efficiency as the error range grows

3.3.3 Levenshtein automata
This has another way of storing the search dictionary. The dictionary can be stored as a trie oras a deterministic finite automaton (DFA), but it is queried as if it were a DFA either way.[4]The first step is to convert the search string into a nondeterministic finite automaton (NFA).This NFA then should be converted to a DFA. There are a few different algorithms that can ac-complish this, but they will not be discussed here.A dictionary stored as a trie can be seen as a special case of a DFA. Querying this can bedone by intersecting the dictionary with the DFA created from the search string. This meansthat both DFA’s are followed only traversing edges that both DFA’s have in common. Every timeboth automata are in a final state, the word in the dictionary is put into the result set.A second option is storing the dictionary as a list and then, after converting the search stringto a DFA, the Levenshtein distance calculation can be done very efficiently by traversing the DFAfor each word in the list.
Advantages

• Can be queried efficiently (more so than BK-trees)
• Loses less efficiency as dictionary grows and error range grows

Disadvantages

• Hard to implement
• Lots of preprocessing
• Going from NFA to DFA can be very inefficient

3.3.4 Using string length to partition the dataset
This is a fairly straightforward way to significantly improve the search speed. For this algorithmthe idea is that a list of search queries is kept as a dictionary. However, instead of going throughthe entire list looking for words similar to the search string, only the words in the range of theedit distance around the length of the search string are queried. This already highly reduces thenumber of words to check.Furthermore, since many words in any language are fairly similar, not every combination ofletters have to be checked. However, trees such as the BK-tree are less efficient, since theywill query all these combination. Therefore, if the dataset would be partitioned, it means thatalgorithms can get an answer quicker than if the full dataset would be used.
Advantages

• Fairly efficient query especially when lists are shorter
• Very little preprocessing
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Disadvantages

• Loses a lot of efficiency as the dictionary grows
• Takes a lot of space

3.3.5 Winnow based spell checker algorithm
Another popular spelling correction algorithm is the Winnow algorithm[7], which is used by Mi-crosoft Office 2007 for example. This algorithm is based solely on machine learning.Instead of using a fixed dictionary, statistics are used to decide which is the most probableword. This algorithm can even be trained to perform contextual spell checking. When someonewrites ‘to big’ this spell checker could correct this to ‘too big’. However, this is not very useful forthis project.
Advantages

• Will become increasingly more efficient over time
• Very little preprocessing

Disadvantages

• Inefficient querying
• Bad space complexity
• Has unnecessary functionalities

3.3.6 Other possible trees
Alongside the previously discussed BK-trees, there are a few other trees that make for a gooddata structure for the did-you-mean functionality.The vantage point tree (VPT)[8] is a tree that just like the BK-tree chooses a random nodeas a root. However, instead of creating edges for every Levenshtein distance, every node onlyhas two nodes separating the words in two equal parts. The 50% closest to the node go to thefirst edge and the other 50% goes over the second node. This will create a binary tree. Queryingthis tree will consist of checking the current node with the search string and going down thecorresponding edge, the first edge, when it’s closer than 50% and the second edge when it’s not.Every node found within the error range will be added to the output set. This tree could also beimplemented as a tertiary tree having three edges for each node instead of two.The bi-sector tree picks two words for each node. The tree is again separated in two childsegments. The first child node will consist of all words closer to the first word of the parentnode and the second subtree will have the words closer to the second word. Querying a nodewill mean going down the subtree of the word closer to the search string. However, if both wordsare in the error range of the search string, both subtrees are queried.
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3.4 Relevancy options
The second aspect of the did-you-mean is giving a score to a word, which represents the like-lihood a user meant to search for that word. There are multiple factors that can influence thisscore, for example the number of misspelled letters, but also the popularity of a certain wordamongst users.The main scoring function will consist of weighing different factors. Some possible factorsare listed below.
3.4.1 Levenshtein distance
The Levenshtein distance is the amount of changes it takes to get from one word to another.This will most likely be the main factor in deciding the result. After all, one spelling mistake is alot more likely to happen than four spelling mistakes.
3.4.2 Likelihood of search strings
After computing a set of results that the user could possiblymean, the likelihood of all the resultsshould be computed. In other words, searches that have been used will get a higher score thansearches that have barely been searched for. This factor likelihood will also change throughoutthe years. For example, a word like ‘Whatsapp’ would not have been given as a suggestion 10years ago, but will now, at least by all major search engines, be given as a suggestion whensomeone types ‘Watsapp’.
3.4.3 Search results per search string
The last relevancy option is search results per search string. Strings with more results would geta slightly higher score than strings with a lower amount of results. However, amount of searchresults does not necessarily correlate to a higher probability of a user wanting to search for thatterm.

3.5 Data
For both the auto complete and did-you-mean data is needed to fill the data structures. Theauto complete should give suggestions for search strings. These suggestions should be basedon previously used search queries that resulted in clicks. On the other hand the did-you-meanfunction should give alternative search strings for instance when the used search string wasmisspelt, therefore data from the product database should be used.

3.6 Conclusion

3.6.1 Data structure
The main decision in data structure will be choosing between BK-trees and Levenshtein au-tomata. These two offer themost efficient way of computing relevant search queries at runtime.
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The most important aspect is the speed of obtaining correct relevant search queries. This is toensure that the user gets the best experience possible.Both data structures share the same downsides, namely the time it takes to first build upthe structure (preprocessing time). Yet BK-trees and Levenshtein automata will still be the bestchoice, because of the reasons mentioned above.To make the final choice, both structures will have to be implemented and tested, as it is notcertain which one will behave the best. This will be done after the end of the designing phase.Different values will be looked at to determine the best choice for the did-you-mean function.These values will be:
• Speed of querying
• Time to create initial structure
• Amount of space needed to hold structure
After looking at results, a final decision will be made as to which data structure will be usedfor the did-you-mean function.

3.6.2 Relevancy options
Combining all aforementioned options will give a useful score to search strings similar to theentered search string. The term with the highest score will be presented to the user.The most important aspect will be the Levenshtein distance. This is the most objective andnon-statistical way to calculate words that are closest related to a searched term.After this, the likelihood of a search will impact the score of a search query. However, thiswill weigh less than the Levenshtein distance. This is because this should largely be used todifferentiate between similar search strings that have the same Levenshtein distance to theoriginal search string.Lastly, it has been decided that the option of number of search results affecting the scorewill not be realized. This decision was made because of the reason stated in the discussion ofthe relevancy options, namely that the amount of search results does not necessarily relate to abetter search query.
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Chapter 4

Design auto complete

4.1 Algorithms
For the auto complete implementations, several algorithms were designed to get suggestionswithin acceptable time-constraints (within milliseconds).
algorithm 1 addOrIncrementWord describes how the tree will be build. As this algorithm tra-verses down the tree for every single query, this algorithm executes with a timecomplexity linear in |D|, where D is the list of queries to be included in the tree. Notethat this algorithm can also be used to increment (as its title implies) the weight ofa leaf. This means that it’s possible to update the tree in real-time
algorithm 2 setWeight sets the weight of a query and, if necessary, increases the weight of itsparent.
algorithm 3 maxNode recursively determines the string corresponding to the maximal weighedkeyword, using a given set of nodes to search in. The algorithm searches for thenode with the maximum weight in the given sets and repeats the same process us-ing its children as nodes to search in. This process goes on until a leaf has beenreached after which the corresponding string value will be returned. When assum-ing the number the children each node has during the recursion steps stays con-stant, the algorithm will execute with a time complexity linear in the size of the re-sulted word. In reality, the number of children tend to decrease when traversing thetree, which means that the time complexity could be lower than mentioned before.
algorithm 4 excludeKeyword returns a list of sub trees of the given node that do not contain analready found suggestion. From this list the next suggestion can be retrieved.
algorithm 5 getTopKeywords is the most important algorithm. This is called to return a list ofsuggestions given a prefix that has already been typed by the user. It maintains alist of nodes available to search in (initially the children of the root element). Aftera keyword with the biggest weight has been found using algorithm 3, algorithm 4 isused to filter out that keyword. The algorithm terminates when the desired amountof keywords has been found, or when no more leafs could be found in the tree withthe given prefix.
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4.2 Class diagram
To develop the auto complete a class diagram was designed. This class diagram can be foundin Figure E.1 and is the class diagram that will be implemented in order to develop the auto com-plete. The layout of the classes as seen in the class diagram will be discussed in this section.In general a model-view-controller pattern is used.First of all, a simple GUI is needed as a main entry point. This is because the auto completehas to be updated with every letter that is typed. This is not doable in a TUI or by giving theprogram an argument when it is started. This GUI class will be the class that contains the ’main’function so this is where the program is started. The GUI class also contains the auto- completeclass. Of course, the GUI class also contains the necessary functions to show and use a GUI.The auto completer class is the main class for the auto complete. This is the class whereother classes can ask for completion suggestions. This class asks for data from the databasecontrol and commands the tree control to make, update or find possible completions in its tree.For the database control an interface is designedmade so that later on it will be no problem ifa different kind of database will be used. The function for calculating the weight of each searchquery is already in the interface class. Besides that, the only thing the database control has todo is to return a list of search queries with an appropriate weight.Also connected to the auto completer class is the tree control. The tree control contains theactual tree in which the data is stored. This class contains most of the algorithms: It makes,edits and searches in the tree.Finally there is the tree. How the tree works is explained in section subsection 2.4.3.There will be a fewmore classes, mostly utility classes, which will be used to help the classesdepicted in the class diagram. These classes are not relevant for the bigger picture for whichthe class diagram is made, so they are left out.
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Chapter 5

Design did-you-mean

5.1 Introduction
For the did-you-mean functionality two different algorithms will be implemented. The researchconcluded that both the use of BK-trees and the use of Levenshtein automata are efficient im-plementations of this algorithm. There is no clear winner when looking for the most efficientimplementation. Therefore, both will be implemented and tested on the dataset to find the bestalgorithm for this did-you-mean functionality.

5.2 BK-tree
First, a tree with all search queries needs to be constructed from the dataset. This is done byalgorithm 7. For this tree, a list of nodes that are within Levenshtein distance of a given wordcan be collected with algorithm 6. Lastly, a score is given to all nodes found by the algorithm.This is done via the formula

Score =
weight

LDldWeight

where weight is the same as described in section 2.3, LD is the Levenshtein distance betweenthe search string and a node, and ldWeight is howmuch theLD should influence the final score.The last variable is 6 by default.Then the string with the highest score is returned.

5.3 Levenshtein automata
The research phase of the did-you-mean also resulted in the implementation of the did-you-meanfunctionality using Levenshtein automata. Further research concluded that there are multipleimprovements possible on the concept explained there. Furthermore, there are two differentimplementations of this concept possible. The first implementation is more understandable, itis easier to explain and makes the concept very clear. The second implementation, however,manages to increase the efficiency and lower the calculation time per word by performing aseries of pre-calculations.First the concept will be explained using the first implementation and then the improvementsof the second implementation will be explained.
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5.3.1 Levenshtein automata using NFA to DFA conversion
The core concept of using Levenshtein automata for a did-you-mean functionality is to traversetwo automata in parallel, which results in finding a correction without having to calculate theLevenshtein distance of every word in the dictionary.The first automaton is actually a prefix tree, which is the same structure as used in the autocomplete implementation. Note that this automaton is deterministic and finite, thus it qualifiesas a DFA.The second automaton is the Levenshtein automata. The most obvious form of such au-tomaton is to make a grid with n + 1 rows and w + 1 columns, where n is the maximal allowedLevenshtein distance and w the length of the word (see Figure C.1). For every primitive single-character edit (deletion, insertion and substitution), a transition is added to every node. Notethat this automaton is finite but non-deterministic and thus qualifies as an NFA. When a usersearches for a word, this word is constructed into a NFA with a certain error range using algo-rithm 8. This error range is the maximum allowed Levenshtein distance between the searchstring and the words in the dictionary. The accepting language of this NFA, therefore, are allwords inside the error range of the search string.However, this NFA cannot yet be used to traverse both automata in parallel efficiently. As anNFA is non-deterministic, multiple transitions are possible when applying a single character to astate. Therefore, the NFA is translated to a DFA.An NFA can be turned into an DFA using power set construction. However, as the states inthe resulting DFA correspond to a set of states in the original NFA, the resulting DFA may haveup to 2n states, where n is the amount of states in the NFA. For example: the NFA for a word oflength 9 and maximal distance 3 has 40 states which may result in a DFA with up to 240 states.Now there are twoDFAs, one containing the dictionary as a tree and a Levenshtein automatonof a word and a particular error range. These DFAs can be intersected, by following the transi-tions that both Automata have in common. When both DFAs are in an accepting state, a wordis found in the dictionary that is inside the range of the search string. After finding a possibleword, or reaching a dead end, the algorithm backtracks to the past few states to find a possibleother transition that leads to a valid word. This is also described in algorithm 9.Finally, this will result in a list of words that are all inside the Levenshtein distance of thesearch string. A scoremechanism using both the Levenshtein distance and the popularity of thesearch queries is used to sort this list on relevancy and the top two or three words are returnedas a did-you-mean for the user.
5.3.2 Improvements on Levenshtein automata
As explained above, the conversion from an NFA to a DFA can be extremely time and spaceconsuming. However, there exists a method to directly construct a Levenshtein DFA in lineartime in |W | for a wordW [2]. This method reduces the amount of states by leaving out the statesthat are redundant, leaving only a fraction of the states possible. Furthermore, states that areidentical in a way that they can overlap each other by shifting their corresponding NFA-statesleft or right can be reduced to a single parametric description. This reduces the amount ofstates to be considered to a parametric list of states. The amount of these ‘parametric states’ isindependent of the word length. However, this amount grows quickly if themaximal Levenshteindistance is increased. In addition to the description of possible states, the transition functionhas to be described in the form of transition tables.After the (relatively time-consuming) pre-calculations have been done, the Levenshtein au-tomata for a word W can be constructed in linear time in |W |. However, this approach can be
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improved further by skipping the actual construction of the complete DFA and instead simulat-ing the Levenshtein DFA by determining next states on demand. This is possible as the pre-calculated transition tables yield the parametric descriptions of the transition function of theDFA (which determines it’s structure).

5.4 Class diagram did-you-mean
Firstly, a few classes will be used that are shared with auto complete. These are the classes thatcommunicate with the database (classes that implement IDBControl), and the GUI that controlseverything.The DidYouMean class is the main class for the did-you-mean part of this project. This classinteracts with the GUI, database control and the general classes processing search data.The class diagrams can be found in Figure E.3 and Figure E.4. The former is the initial classdiagram that was designed, the latter is an updated version that corresponds to changes madeduring the implementation phase.
5.4.1 BK-trees
TheBK-treewill only use two classes, namely aNode class and aBK-tree class. The BK-tree classis responsible for keeping track of the data structure and calculating the actual did-you-meansuggestion.The BK-tree will use its own Node class to not interfere with any specifications set by theauto complete class.
5.4.2 Levenshtein automata
The two main classes of this part are LevenshteinAutomata and LevenshteinAutomataFactory.The LevenshteinAutomata is the overlapping static class, which is mainly used to intersect theDFA from the database’s search queries and the DFA from a search that just has been made.The LevenshteinAutomataFactory contains a lot of the algorithms explained in section 5.3.All the necessary utility classes are nested in this class: initial state, accepting states and tran-sition table. This class also has the list of all the parametric states, criteria when these statesare accepting, and finally the transition table.
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Chapter 6

Design choices

6.1 Designing different implementations of the same function-
ality

It was decided that for both functionalities two different algorithmswould be implemented. Thiseventually didn’t happen, because the Auto complete research showed that there was only onereal possibility: a tree. There were several kinds of trees that could be used so the most efficientone was chosen.The idea behind this design choice was to be able to make a well substantiated and unbi-ased decision. Also in case that one of the chosen algorithms would not result in a workingimplementation, the project could continue with the other one.Not all design choices will be discussed here as some of them are discussed in other chap-ters.

6.2 No user-specific search
A user-specific completion functionality was not implemented. Kramp did not have user specificinformation stored for their customers, therefore this could not be implemented yet. However,Kramp could still use the design for user-specific search by using the existing algorithms withuser specific datasets. This is further explained in section 10.4.

6.3 Fill auto complete with did-you-mean results
A decision had to be made for when the auto complete would not result in the a full list of sug-gestions. There were several possibilities. First off, The results that were found could be shown,which could be no results at all. The second option was appending the auto complete sugges-tions with the results of the did-you-mean algorithm applied on the search string. The third andfinal option was to use the auto complete to get a list of completions, and if this list is too short,to use the did-you-mean to get one suggestion on which the auto complete is used on again.We tested all three options. The first one was of course the easiest, but the conclusion wasthat some additional results would improve the system, thus something extra was preferred.Then the second result was implemented, this gave very some undesired results, for example
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after typing the search string ‘addu’, which most likely means ‘accu’, a suggestion was made forled and for radio.The third option, applying the auto complete on the search string and then applying the autocomplete again, gave the best results. Multiple search strings were tested, and good resultscame out. Therefore, this became the actual implementation.
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Chapter 7

Implementation

This chapter will discuss the final implementation of the did-you-mean and auto complete func-tions. This will mainly contain differences (if any) from the initial design, and general informationabout how the design was used.

7.1 Auto complete
The auto complete has been implemented fully as described in chapter 4. There were a fewadjustments in terms of class management, this can be seen in Figure E.2. The TreeControllerwas deemed useless, and therefore removed. All algorithms were moved to a specific classAlgorithm. Lastly, the trie has been constructed in such a way that the correctness of the trie isguaranteed when the publicly exposed methods are used to mutate or query the trie.

7.2 Did-you-mean

7.2.1 BK-tree
The BK-tree is implemented as described in chapter 5 without making any changes. Becauseof this, the tree part in the initial diagram (Figure E.3) and the finalized diagram (Figure E.4)are equal, aside from some obsolete methods that were deleted in the BKTree class. The mainalgorithms, aside from addChild, are put in the BKTree class. Everywhere where arguments maybe invalid, exceptions are thrown if these arguments are invalid. This is to guarantee that thebehaviour of the tree stays as expected.
7.2.2 Levenshtein automata
The Levenshtein automata is, unlike BK-tree, vastly different from the initial class diagram. Thisis because after making the class diagram, a more efficient algorithm was found. This is notdocumented in the research part of did-you-mean, but is documented in section 5.3. This isbecause the algorithm was found during the implementation phase, a few weeks after the re-searching phase. The twomethods look similar, which is why the method which was later foundwas thought of as the same. After further inspection during the implementation phase, however,
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it was found that the algorithm that is currently implemented is more efficient in both space andtime, while being a lot harder to implement. This new algorithm was explained in section 5.3.
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Chapter 8

Testing

8.1 Test plan

8.1.1 Introduction
The tests performed on the project can be separated into three different types. Of course firstoff, the implementation itself has to be tested for correct functionality. It is important to know ifthe written code is working as expected and to check if rare unexpected cases could harm theproduct. The second test is measuring improvements. This is about if the client is satisfied withour product. Kramp said they cared most about measurable facts, when it comes to provingimprovement. This should be measured in standards that are often used for comparing searchalgorithms. The third type of testing will be user experience testing. This will be explained inmore detail below.
8.1.2 Implementation tests
First the implementation itself will be tested. This means testing if the code is work as expectedand testing and if there are no unexpected exceptions or problemswhen it comes to unexpectedcases. For example what would happen when a huge string is entered as search string. Thesetests will be implemented as unit tests using JUnit. Important aspects here are coverage of thecode and the handling of unlikely cases with possible malicious intent. A detailed implementa-tion test plan with the functionalities that will be tested and the expected results of these testscan be found in appendix G.1.
8.1.3 Measuring improvement
The second test is based on the project being compared to Kramp’s old search functionalities.This test is about if both the functionalities indeed increase the search efficiency compared tothe current situation. This test is about measuring the results of the project. This could be doneusing the mean reciprocal rank, which is a measuring unit for the correctness of responses to aquery. For the auto complete this means looking at the i-th result that corresponds to the searchstring the user had in mind, which will increase when more characters are typed. For did-you-mean it is also calculated using the i-th suggestion of the did-you-mean that turned out to becorrect.
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8.1.4 User experience testing
Finally someuser experience testsmay be performed. Customers of Krampmay be asked to testthe prototype. The customer will be asked to search some of the products they would usuallyalso search for in the Kramp webshop. Then improvement will be measured using an interviewor a questionnaire tomeasure their satisfaction with the new functionalities and ameasurementof the time that different searches take using the old and new functionalities.

8.2 Evaluation

8.2.1 Results of implementation tests
For the implementation, unit tests were used to test the most amount of code possible. Whiletesting, it was apparent that the code was not fully robust and had some bugs in it. For example,the Levenshtein distance calculator would, if the first word was smaller than the second, returna negative distance. This and other bugs have all been fixed. All the unit test used can be seenagain in the test plan in appendix G.1. The final row of the table is the name of the class were thedicussed test is stored. This was added after implementation of the tests. Finally, after fixingthe bugs that were mentioned before, all the test mentioned in the testplan were passed and theactual result was the same as the expected result mentioned. While running all the unit tests,the line coverage of the code is about 80%. This was deemed sufficient after looking at whatwas covered and what was not. The most important classes and parts of the code were namelycovered for a hundred percent. The API and the trees are, for example, both hundred percent.
8.2.2 Acceptance test
The “measuring improvement” and “user experience testing” have been merged into one over-lapping test, namely the acceptance test. This is the test which only succeeds if Kramp thinksthe current implementation is acceptable. From talking with Kramp, it was apparent that therewas no possibility to get a pure number as discussed above in “measuring improvement”. Thisis because there is not enough data to check results with.However, Kramp internally has knowledge about what current problems are and what theywould like to see fixed. A demo was made and sent to Kramp for review (see appendix H).This demo is a GUI with a search bar, and under that the list of auto complete suggestions.After hitting the search button or pressing enter, the did-you-mean result for the search string isdisplayed. Kramp was able to use this demo to judge whether it is acceptable or not. This lastpart is the user experience testing part.Two weeks after the demo was sent, Kramp concluded that the implementation is accept-able. It was clear that it is mostly dependant on the data you put in; bad/little data results in badauto complete and did-you-mean results, while good and high amounts of data results in goodresults.
8.2.3 User experience testing
User experience testing was done with the help of Kramp. They gave information about whatfeedback they got from their customers. However, eventually no real user tests were done. Theinformation mentioned before was used as user experiences and this wat taken into account
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in the design of our project. The main user complaints were that product numbers were notprocessed properly and that the auto complete functionality was fairly slow.
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Chapter 9

Performance

When using the API it is important to know the time and space complexity of its sections. Withknowledge about the number of API instances that will be active concurrently, one can makean estimation of how much resources are needed to host a server that uses it. Therefore a thecomplexity of themost important methods was calculated and a series of tests were conductedto determine the time and space needed in practice. These tests are conducted on a pc with ani5-4460 @ 3.20GHz CPU using a dataset with a size of 20,000.

9.1 Auto complete
The initialization of the auto complete has a time complexity of O(nk) where n is the size of thedataset and k the average length of the word. In the test this resulted in a time of 20ms.Getting suggestions from the auto complete has a time complexity O(k(log n − p)) where,again, n is the size of the dataset and k is the average length of a word and p is the length of thegiven prefix. In the test this resulted in a time of 3ms.The auto complete currently uses around 21MB when it is active using the given dataset.

9.2 Did-you-mean

9.2.1 BK-tree
Initializing the BK-tree for the did-you-mean has a time complexity ofO(k2n log n)where n is thesize of the dataset. In the tests this resulted in a time of 731ms.The complexity of getting a suggestion from the BK-tree consists of two parts; First a list ofpossible suggestions is created, then the best one is selected. The complexity for creating thelist is O(nk2) where n is the size of the data and k the average word length. The complexity forselecting the best suggestion from that list is O(l log l) where l is the size of the list.The did-you-mean using BK-tree uses around 7 MB when it is active using the given dataset.
9.2.2 Levenshtein automata
The did-you-mean using a Levenshtein automata is a bit different, it initializes and uses a Lev-enshtein automata factory, which only has to be made once and can then be used by different
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instances, even when they use different dataset, as long as the same maximum Levenshteindistance is used. This means that when it is used for more instance, the impact will becomesmaller. In the tests, this factory needed roughly 515ms to initialize and then took up 201MB ofspace using the given dataset. This was done with a maximum Levenshtein distance of 3.Both initialization without factory as well as the search have the same complexity as the autocomplete, because it uses the same tree. This also means it uses the same amount of space.
9.2.3 BK-tree versus Levenshtein automata
To give some leverage in a decision between using the BK-tree or using the Levenshtein au-tomata, another performance test was done to get a better insight into the performance of both.For this test a query set of 16399 queries was used. This query set was generated by randomlydeleting one or two letters from every word in the original dataset. Lastly, some queries werefiltered out because they did not fit in the desired format anymore.For each query in this set both the BK-tree and the Levenshtein automata method are timed.This resulted in the box-plot as seen in Figure I.1. The average time of the BK-tree is 3.35 ms, theLevenshtein automaton has an average of 4.50ms. In the box plot mentioned before, it is visiblethat the BK-tree is very consistent and fast almost every time. The Levenshtein automaton,however, is much more spread out. The maxima of the BK-tree and the Levenshtein automatonare 18ms and 41ms respectively. While one is half of the other, both are still negligible time-wise.While the BK-tree seems to be faster and more consistent, the Levenshtein automata hassome considerable advantages space wise, especially when a large number of instances of theAPI are used. The BK-tree uses 7 MB for each instance while the Levenshtein automata canuse the same tree as the auto completer which makes it effectively 0 MB in addition to the 201MB for the Levenshtein automata factory of which one will suffice for all the API instances.This makes that, with the current dataset, when 29 or more instances of the API are active, theLevenshtein automata is more efficient. This is specific for this dataset, because the size ofthe Levenshtein automata factory is only dependent of the Levenshtein distance and not of thesize of the dataset. When a larger dataset is used, less instances of the API are needed for theLevenshtein automata to be more efficient and vice versa.
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Chapter 10

Integration

10.1 The API
The API consists of three main packages: a database controller (DBC), the auto- complete (AC)and the did-you-mean (DYM). At the top of these three packages there is a controller that con-tains all relevant methods of the API so that there is only one object needed to use the completeAPI. This is visible in Figure F.1 It is also possible to create the other classes and use them sep-arately.
10.1.1 Database controller
The DBC provides data to the AC and the DYM. As many different ways of storing data exist,the API contains a DBC interface. The interface specifies a single method that returns data, allsearch queries with their score, and it has already defined a static method which calculates theweight for a keyword.For basic usage one implementation of this interface is included in the API: CSV control. Thisimplementation processes CSV files and returns the data from these files when requested.
10.1.2 The auto complete
The AC is used for suggesting completions for a given prefix. When created it requests datafrom the DBC. This data will be stored in a trie. This trie can be reset and also more data canbe added. Furthermore, there is a method to request completions. The AC uses another classwhich contains all the algorithms as described in chapter 4.
10.1.3 The did-you-mean
The DYM has two methods of finding a suggestion. BK-tree is the default method, but a Leven-shtein automata can also be used. The DYM also requests data from the DBC when it is createdto build its BK-tree and the trie used for the Levenshtein automata. When the Levenshtein au-tomaton is used, a DFA is emulated as well when a search is done.
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10.1.4 The controller
This is the main class of the API. It contains the DBC, AC and DYM instances as well as mostmethods that can be used fromoutside the API. Furthermore, it contains an extramethod, getAd-
vancedTopN that uses both AC and DYM to give a list of completions. This methods first usesthe AC to get a list of completions and when this list is too short the DYM is used to get onesuggestion for which also possible completions are retrieved using the AC. The getAdvanced-
TopN method should be used to get completions most of the time. In Figure H.3 you can seethe getAdvancedTopN method in action.This controller is made so that only one object is needed to access the whole API.

10.2 General use
First of all, one would want to create an implementation of the DBC interface. What this imple-mentation will look like depends onwhat type of database is used. At first, onewould just put thedata of the last x months in the database. This data should contain at least the search queriesand enough data to get an appropriate weight for each search query.The API workswith pre-build trees, the trees are directly constructed from the databasewhena Controller instance is created. However data can also be added to the trees using several APImethods. Additionally, the data can be updated in the database and then one can let the APIrebuild its trees. This will consume more time though.While testing and implementing the API, data of threemonths was used. This data consistedof 20,000 search queries with their appropriate weights. Using 20,000 search queries satisfac-tory results were achieved. Moreover, while testing, all data from those three months was used,but it could be good to filter out the search queries that have a weight under a certain level. Ifthere is a minimum weight limit that a search query has to have in order to get suggested, itwill give no suggestions rather than the lower rated ones. This will help make sure that no un-desirable suggestions will be given and improves the overall performance since the trees staysmaller.

10.3 Use per category and/or per user
If one wishes to use the API for category or user specific suggestions, onemerely has to providedifferent data. For suggestions based purely on the users’ history, the API only needs the searchhistory of that user. However, it is probably better to also partially base the suggestions on thecomplete history. To do this a good ratio is needed between the weight of the complete historyand the user history. The same goes for category specific suggestions.Needless to say, not every user or category will result in the same data for the API. Therefore,one will need several instances of the API; One general instance, for users that are not loggedon, or users that don’t have a history yet. Besides that, an instance is needed for every user inorder to give the right suggestions.Our advice is to have the one instance of the API with the complete history and besides thathave an instance for every user that is using the website. This can be done by making a newinstance of the API once a user logs in and by disposing it when the user logs out. Categoryand/or user specific history should be collected in order to do this.
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10.4 Possible improvements/additions
Although the implementation of AC and DYM was designed to be space- and time-efficient, sev-eral improvements and additions could be made to increase the performance of the implemen-tations and the usefulness of the suggestions.First of all, some small improvements should be made to make the whole API space- andtime-efficient. Below is a list of relatively simple improvements that were discovered too far intothe project to be actually implemented:

• AC and the Levenshtein implementation of DYM rely on the same tree structure. How-ever, the API currently initializes two separate instances of this tree. To save initializationtime and (most importantly) memory, the two instances should be replaced with a singleinstance that both AC and DYM can use.
• AC and the Levenshtein implementation of DYM have different implementations to do thesame thing, namely to get the k highest ranked keyword in the tree. AC uses an implemen-tation that consists of multiple methods while the Levenshtein implementation combinesthe functionality of these methods in a single method. The proposed improvement is toreplace the methods in the AC class Algorithm with the method used in LevenshteinAu-tomata, as it keeps track of the the nodes to search in a smarter way.
• When currently initializing a DidYouMean object, both the Levenshtein and BK-tree imple-mentations are initialized for testing purposes. When using the API in production, only theimplementation that is actually used should be initialized, which should save memory andinitialization time.
As a first addition, the implementations should also take the personal search history intoaccount to make the suggestions personal. This would greatly improve the quality of the sug-gestions as different customers may be interested in different items and their search history isan indication for their interests.In order to achieve personal suggestions, additional instances of the controller must be cre-ated: one for each active user. Instead of only getting suggestions froma single global controller,a personal controller could be used in addition to the global controller. By giving the personalresults a specific weight over the non-personal results, the personal search history can influencethe suggestions. As the search history of a single user will probably be very small compared tothe global history, a new personal controller can be initiated once a user logs into the web-shop.However, the current controller class is not optimized for being initialized multiple times. Forexample, an instance of a LevenshteinAutomataFactory is identical every time, given that themaximal Levenshtein distance remains equal. Therefore, this class only has to be initializedonce (like a singleton class) after which all controllers can use the same instance. A bettersolution might be to let a single instance of a controller be able to contain multiple trees: aglobal tree and one for every active customer.To give more advanced suggestions that bring a user from ‘accu’ to ‘battery’, more specificdata should be stored. If a user unsuccessfully searches for ‘accu’ and right after that searchessuccessfully for ‘battery’, that should be saved. When enough of this data is gathered, the did-you-mean function can be expanded to suggest these kind of changes, using a mapping fromwrong and unhelpful search queries to their better and (mostly) synonymous alternatives.Lastly, the API could take into account that different permutations of a search string consist-ing of multiple words yielding the same results in the search engine. Therefore the strings ‘bluepaint’ and ‘paint blue’ could be merged into one element.
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Chapter 11

Discussion & Conclusion

11.1 Discussion
There are some things concerning whole project process that could have been done better.

• Although aTrello scrumboard has beenmade in the beginning of the project, it has not beenused throughout the different design phases. Instead of Trello, simple To-Do lists wereused to divide tasks. In the main phases of the project (research, design, implementation),no task management tool was used. In the future, a tool dedicated to tracking scrumprogress would be useful, as it makes it clear how fast a scrum group is progressing.
• During the implementation of did-you-mean, it was discovered that implementing Leven-shtein automata had to be done very differently than was thought during the research anddesign phase. Therefore, the final implementation of Levenshtein automata does not cor-respond to the initial research and design. To improve this, the research of the Levenshteinautomata should have been conductedmore thorough. Additionally, make sure that seem-ingly similar algorithms are actually similar (as was assumed in the research phase).

11.2 Conclusion

11.2.1 Must
3 The system must be able to use auto complete to give suggestions for a search string
3 The system must be able to use did-you-mean to give a suggestion after a search stringhas been used
3 The system must contain a simple GUI to show the proof of concept
All Musts have been finished, as they were required for Kramp to find the project acceptable.All information about design, implementation and possible integration can be found in the designreport.
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11.2.2 Should
These are the requirements that should be done at the end of the project, they are preferred, butnot crucial for the project.
∼ The system should learn every time a user enters a search string
3 The systemshould learnwhich search strings are successful by looking at previous searches
3 The system should correct typing mistakes in both the did-you-mean and auto complete
7 The system should link similar search strings and only suggest search strings that givethe best results
Machine learning has not been directly implemented in the implementation of both algo-rithms. However the full intended use of both algorithms does fall into the category of machinelearning. It is possible to use the method learn to update auto complete and did-you-mean in-stances without completely recreating them. The fourth requirement was not implemented, be-cause Kramp did not have the data required for this.

11.2.3 Could
∼ The system could support fully personalized search functionality
7 The system could link (mistyped) searches with previously bought items in a personalizedway
7 The system could keep track of single search words instead of entire search strings
Fully personalized search functionality is supported, but not implemented. More about thiscan be read in section 10.3.Linking searcheswas not implemented, as therewas not enough data. Only Google Analyticsdata was available, which does not specifically show which link is clicked after a search.Keeping track of single words was deliberately not implemented, as it was a design choice.This was done because of the data provided had information about full search queries. Thisinformation was used to give a score to a specific search query. Breaking up this query willrender this score useless, or at least less correct.

11.2.4 Won’t
7 The system won’t fully implemented system in Kramp’s webshop
7 The system won’t improve product information with product data
7 The system won’t improve entire search algorithm
These requirements were explicitly noted as ‘will not do’. Therefore, these requirements havenot been done. Fully implementing in the Kramp Webshop would be too complex. The last tworequirements were simply not part of what the client wanted to see implemented.

36



Bibliography

[1] Black, Paul E. (2009-11-16). ‘trie’. Dictionary of Algorithms and Data Structures. NationalInstitute of Standards and Technology. Archived from the original on 2010-05-19. http:
//www.webcitation.org/5pqUULy24.

[2] Matani, Dhruv. (2011-09-02). An O(k log n) algorithm for prefix based ranked auto com-plete. http://www.dhruvbird.com/autocomplete.pdf (alternative source http://web.

archive.org/web/20160316141448/http://dhruvbird.com/autocomplete.pdf).
[3] Efficient auto complete with a ternary search tree. (n.d.). Retrieved February 18, 2016,from http://igoro.com/archive/efficient-auto-complete-with-a-ternary-search-tree/ http:

//igoro.com/archive/efficient-auto-complete-with-a-ternary-search-tree/

[4] Johnson, Nick. Damn Cool Algorithms: Levenshtein Automata.Nickś Blog. 2016-03-16. URL:http://blog.notdot.net/2010/07/
Damn-Cool-Algorithms-Levenshtein-Automata. Accessed: 2016-03-16. (Archivedby WebCite® at http://www.webcitation.org/6g38r0HFC)

[5] Johnson, Nick. BK-trees. http://blog.notdot.net/. 2016-04-06. URL: http://blog.

notdot.net/2007/4/Damn-Cool-Algorithms-Part-1-BK-trees. Accessed: 2016-04-06. (Archived by WebCite® at http://www.webcitation.org/6gZ6LoWHK)
[6] Schulz, Klaus U & Mihov, Stoyan. Fast string correction with Levenshtein automata.URL:http://link.springer.com/article/10.1007%2Fs10032-002-0082-8
[7] Nick Littlestone (1989). "Mistake bounds and logarithmic linear-threshold learning algo-rithms". Technical report UCSC-CRL-89-11, University of California, Santa Cruz.
[8] Ada Wai-chee Fu. Dynamic VP-Tree Indexing for N-Nearest Neighbor Search GivenPair-Wise Distances http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.

36.7401&rep=rep1&type=pdf)
[9] V.Levenshtein, “Binary codes capable of correcting deletions, insertions and reversals”,1966SOL Phys Dokl.

[10] Cavnar, William B. and Trenkle, John M., “N-Gram-Based Text Categorization”, P.O. Box134001 Ann Arbor MI 48113-4001.

37

http://www.webcitation.org/5pqUULy24
http://www.webcitation.org/5pqUULy24
http://www.dhruvbird.com/autocomplete.pdf
http://web.archive.org/web/20160316141448/http://dhruvbird.com/autocomplete.pdf
http://web.archive.org/web/20160316141448/http://dhruvbird.com/autocomplete.pdf
http://igoro.com/archive/efficient-auto-complete-with-a-ternary-search-tree/
http://igoro.com/archive/efficient-auto-complete-with-a-ternary-search-tree/
http://blog.notdot.net/2010/07/Damn-Cool-Algorithms-Levenshtein-Automata
http://blog.notdot.net/2010/07/Damn-Cool-Algorithms-Levenshtein-Automata
http://www.webcitation.org/6g38r0HFC
http://blog.notdot.net/2007/4/Damn-Cool-Algorithms-Part-1-BK-trees
http://blog.notdot.net/2007/4/Damn-Cool-Algorithms-Part-1-BK-trees
http://www.webcitation.org/6gZ6LoWHK
http://link.springer.com/article/10.1007%2Fs10032-002-0082-8
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.36.7401&rep=rep1&type=pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.36.7401&rep=rep1&type=pdf


Appendix A

Example prefix tree

A -39 G - 49

I - 8 N - 24 P - 39 T - 16 A -49 I - 16

D - 8 D - 24 P - 39 E - 16 M - 49 V - 5 T - 16 V - 6

8 24 L - 39 16 E - 49 I - 37 E - 5 16 E - 6

E -39 49 N - 37 5 6

G - 37

37

6

39

S -39

Figure A.1: This is a prefix tree in which to the following words and their scores are stored: [aid:8, and: 24, apples: 39, apple: 6, ate: 15, game: 49, gaming: 37, gave: 5, git: 16, give: 5].
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Appendix B

Example BK-tree

Book

Books

Cake

Boo

Cape

Boon

Cook

1

4

1

2

1

2

Cart
2

Figure B.1: An example BK-tree without weights.
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Appendix C

Example Levenshtein NFA
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01 11 21 31 41
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***

ε ε ε ε 
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Figure C.1: An example Levenshtein NFA for the word ‘food’ and with a maximum Levenshteindistance of two.
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Appendix D

Algorithms

D.1 Trie

1 Function addOrIncrementWord (k, d)
Data: k: null-terminated keyword to search for, d: the weight to add

2 child = this.addOrGetChild(k[0]); if child.isLeaf() then
3 child.setWeight(child.weight + d);
4 else
5 child.addOrIncrement(k.tail(), w);
6 end

Algorithm 1: Add keyword or increment the weight

1 Function setWeight (w)
Data: w: the new weight for this element

2 this.weight = w; if this.parent != null && this.parent.weight < w then
3 this.parent.setWeight(w);
4 end

Algorithm 2: Function to update the weight of the element
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D.2 Auto complete

1 Function maxNode (ns)
Data: ns: a list of nodes in which to look for the max-weighed keyword
Result: A string corresponding to the max weighed keyword in the given nodes

2 maxWeight = -1;
3 maxN = null;
4 foreach n in ns do
5 if n.weight > maxWeight then
6 maxWeight = n.weight;
7 maxN = n;
8 end
9 end

10 if maxN.isLeaf() then
11 return maxN.word;
12 else
13 return maxNode(maxN.subNodes);
14 end

Algorithm 3: Get max-weighed keyword

1 Function excludeKeyword (n, k)
Data: n: the node to exclude the keyword from, k: the keyword to exclude, p: the prefixup until node n
Result: A list of tuples with nodes containing all keywords in n excluding k and thecorresponding prefixes

2 result = [];
3 foreach child in n.subNodes do
4 if child.letter == k[0] then
5 result.extend(excludeKeyword(child, k.tail());
6 else
7 result.append(child);
8 end
9 end

10 return result;
Algorithm 4: Exclude a keyword out of a node
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1 Function getTopKeywords (n, k, p)
Data: n: the root node, k: the amount of keywords to return, p: the given prefix
Result: A list of the top-k keywords, if any exist

2 result = [];
3 n = searchNode(n, p);
4 if n == null then
5 return result;
6 end
7 searchNodes = [n.subNodes];
8 i = 0;
9 while i++ < k && !isEmpty(searchNodes) do

10 keyword = maxNode(searchNodes);
11 result.append(keyword);
12 foreach n in searchNodes do
13 word = n.word;
14 if keyword.startsWith(word) then
15 searchNodes.remove(n);
16 searchNodes.extend(excludeKeyword(n, keyword.removeFirst(word)));
17 break;
18 end
19 end
20 end
21 return result;

Algorithm 5: Exclude a keyword out of a node
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D.3 Did-you-mean

D.3.1 BK-tree

1 Function searchTree(root,string, range)
Data: root: root node of the search tree, string: the searchstring of the user, range: themaximum allowed Levenshtein distance
Result: List of all nodes in the tree with a word inside the Levenshtein distance rangeof the search string
/* result is a list in which the resulting words will be saved. */

2 result = [];
/* This method calculates the Levenshtein distance between the word of

the current node and the search string. */

3 n = calculateLevenshteinDistance(root.word, string);
4 if n < range then

/* If this is inside the error range then this word should be in the

result list. */

5 result.add(root);
6 end

/* Check all the outgoing edges of the current node for a child inside

the error range of the word */

7 foreach child in root.children do
8 if abs(root.child.distanceToParent-n) < range then

/* Recurse this function on all the child nodes inside that range.

*/

9 SearchTree(root.child,string,range);
10 end
11 end

/* If there are no child nodes left return the result list. */

12 return result;
Algorithm 6: Search for all search queries within a certain error range
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1 Function buildTree(list)
Data: list: list of all words that will be in the tree, node: root of the resulting tree,current: current element in the list
Result: Root of the tree as object
/* Assign the first word of the list to the root node */

2 root.word = list[0];
/* Then for each word in the list add the word to the tree (seperate

function) */

3 foreach word in list do
4 addWord(root, word);
5 end

/* Return the root node */

6 return root;
7 Function addWord(root,word)

Data: root: Currently inspected note in the tree, word: inputword to be added in the tree
/* Calculate the distance between the word, that is currently being

processed and the root node. */

8 n = calculateLevenshsteinDistance(root.word, word);
// Check if there is already a child with that distance, if not add this

word as child node.

9 if root.getChildWithDisance(n) == null then
10 root.addChild(word,n);
11 end

/* If there is one, recurse this function on the child node. */

12 else
13 addWord(root.getChildWithDistance(n),word);
14 end

Algorithm 7: Creating a tree from a list of words

45



D.3.2 Levenshtein automata

1 Function makeNFAFromWord(string, errorRange)
Data: string: search string to be converted, errorRange, the allowed error range of thisstring
Result: the nfa of the search string using with allowing token words inside the errorrange
/* New NFA with start state 0,0 */

2 nfa = new NFA(0,0);
3 int i = 0;

/* For each letter in the word there are 3 transitions to be added. One

to the left for when the letter of the input word corresponds to the

word of the NFA one straight up, for when there is a letter in front

of that word (insertion) and one diagonal for a missing letter

(deletion) */

4 foreach letter in string do
5 for int e, e < errorRange, e++ do
6 //correct letternfa.addTransition((i,e), letter, (i+1, e);
7 //insertionnfa.addTransition((i,e), any,(i, e+1));
8 //deletionnfa.addTransition((i,e), epsilon, (i+1, e+1));
9 //substitutionnfa.addTransition((i,e), any, (i+1, e+1));

10 i++;
11 end
12 end

/* Add final states and transition for when a letter is exchanged for a

random letter in the input word (substitution). */

13 foreach j in range errorRange do
14 if j < errorRange + 1 then
15 nfa.addTransition((len(string),e), any, (len(string),e+1));
16 end
17 nfa.addFinal_State((len(string),e));
18 end
19 return nfa;

Algorithm 8: Creating an NFA from a word
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1 Function findNextValidString(DFA, input)
Data: DFA: dfa to be inspected, input: input word used as token word for the DFA
Result: if the word is in the dictionary: the input itself otherwise a valid word

2 state = DFA.startState;
3 stack = [ ];
4 for i, x in enumerate(input) do

/* Save current state in stack */

5 stack.append((input[0..i], state, x));
6 state = DFA.nextState(state, x);
7 if not state then
8 break;
9 end

10 else
11 stack.append((input[0..i+1],state,None))
12 end
13 end
14 if DFA.isFinal(state) then

/* Word is in the dictionary, no did-you-mean necessary */

15 return input;
16 end
17 while stack.isNotEmpty() do
18 path, state, x = stack.pop();
19 x = DFA.findNextEdge(state,x).word;
20 if x != null then
21 path += x;
22 state = DFA.nextState(state, x);
23 if DFA.isFinal(state) then
24 return path;
25 end
26 stack.append((path, state, none));
27 end
28 end
29 return none;

Algorithm 9: Retrieving the word most likely meant by the user
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1 Function findNextEdge(DFA,s,x)
Data: DFA: The dfa that is currently being traversed, s: the current state of the DFA, xthe current path to that state
Result: The word with tokens to the lexicographically closest outgoing edge

2 if x is None then
3 x = 0;
4 end
5 else
6 x = unichr(ord(x)+1);
7 end
8 stateTransitions=DFA.Transition.get(s, ,);
9 if x in stateTransitions or s in DFA.defaults then

10 return x;
11 end
12 labels = sorted(stateTransitionKeys());
13 pos = bisect.bisectLeft(labels, x);
14 if pos < len(labels) then
15 return labels[pos];
16 end
17 return None;

Algorithm 10: Retrieving the word closest to a given state
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Appendix E

Class diagrams

Figure E.1: This is the class diagram as designed during the design phase for the auto complete.
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Figure E.2: This is the class diagram of the auto complete after implementation.

50



Figure E.3: This is the class diagram as designed during the design phase for the did-you-meanfunctionality. 51



Figure E.4: This is the final version of the class diagram corresponding to the implemented did-you-mean functionality.
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Appendix F

Global overview

Controller

DidYouMean
IDBControl

AutoComplete

IDBControl

DidYouMean

IDBControl

<<Interface>>

IDBControl

AutoComplete

getAdvancedTopN

getDYM
getTopN

getData()

Figure F.1: A global overview of the system.
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Appendix G

Test plan

Table G.1: Test plan
# Test name Test description Expected result Test Class1 Test maxnode Find the nodewith the highest scorein a certain tree. Should be possi-ble on a tree of the entire dataset aswell as a subtree.

The node with the highest score inthe tested tree. autocomplete.AlgorithmTest
2 Test excludekeyword Make sure that when exclude key-word is used, that the keyword is ac-tually not in the list, however, alsothat no unnecessary words are in-clude in the list.

A set of elements that only containsthe right words for this keyword. autocomplete.AlgorithmTest

3 Test get topkeywords Assert that the function that selectsthe top n search results from a cer-tain node does not return too manywords and does not leave out wordsthat actually should be in the list.

A list of strings of the correct lengthcontaining correct strings. autocomplete.AlgorithmTest

4 Test autocomplete Test the entire auto-complete func-tionality. Make sure that given a key-word the right words are suggestedas results. Also make sure that theright number of words is suggested,if possible.

Given a dataset and a keyword, thelist with the right words that theauto-complete returns.
autocomplete.AlgorithmTest
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# Test name Test description Expected result Test Class5 Test con-troller getadvancedtop n

Test if the advanced top n returnsthe right results, This will test boththe auto complete and the did-you-mean. A keyword will be givenand the auto complete class will beused to find suggestions, when nofive suggestions are found did-you-mean will be used to find typing er-rors, the new keyword will be usedto find improved auto complete sug-gestions

Given a dataset and keyword, theright list of words that the auto-complete returned, possibly com-plemented by a did-you-mean cor-rection.

controller.ControllerTest

6 Test CSVcontrol Test if a CSV file is imported cor-rectly. Test if the words have theright scores attached to them. Testif the right data is actually obtained.Test if an import of a wrong file ac-tually fails.

A score for the query if the importwas supposed to be successful andan error for the failing import.
database.IDBControlTest

7 Test IDBCon-trol Test the actual data gathering classin the API. Make sure that themethod used there to import dataalso retrieves the right files with theright words and correct scores con-nected to them

Data consisting of words whichhave a correct weight. database.IDBControlTest

8 Test BK-Treenodes Test that a word of a node cannotbe null. Test that a parent of a nodecannot be null, Test that the gettersof a node is working correctly. Testif adding a child to a nodeworks cor-rectly.

An illegalArgumentException forcreating a null node and for creatinga node with a null parent. Testingthe getters should result in the rightvalues and the add child functionshould create a new node that isstored in the correct place in thetree: On an edge with the rightdistance and with the right parent.

didyoumean.bktree.BKTreeTest

9 Test BK-Treesearch Test search strings to see if they arecorrected to the right known searchqueries. This means the searchquery with the highest weight, whencombining the distance and thescore of the search query.

The node with the highest score forthis search string. didyoumean.bktree.BKTreeTest

10 Test BK-Treebuild and in-crement
Test that a tree is correctly buildfrom a dataset that has words com-bined with scores. Furthermore, af-ter a tree is created test that thistree can be incremented with newerdata. Where new words can beadded and the score of existingwords is incremented.

The tree is build correctly with theright nodes on edges with their cor-responding distance to the parent.On future updates scores of wordsare incremented with the correctamount and new words are addedon the right place.

didyoumean.bktree.BKTreeTest
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# Test name Test description Expected result Test Class11 Test BK-TreeCalculatelevenshteindistance

Test the method that calculates thelevensteihn distance by checkingthe distance between two wordsand make sure that deletions, inser-tions and substitutions all count asone.

The respective Levenshtein dis-tance when the words are different,zero when the words are equal.
didyoumean.bktree.BKTreeTest

12 Test BK-Tree Test the entire BK-Tree from the did-you-mean class in the API. Checkthe top results for wrongly typedand correct search strings. Makesure that they return the most pop-ular search query with the smallestdistance.

The word with the highest weight.There are no results that have a Lev-enshtein distance outside the errorrange of the did-you-mean.

didyoumean.bktree.BKTreeTest

13 Test pre-fix treefor illegalarguments

Test that no null words or letter canbe added to nodes, except for theroot. Test that parents of a node, ex-cept for the root, cannot be null.

IllegalArgumentException for allthese tests. tree.TreeTest

14 Test prefixtree getchildren andhas children

Test that when getting the childrenof a node that all of the children andthe correct children are returned inthe list. Also make sure that this isnot possible for a leaf node. For haschild make sure that only true is re-turned for nodes that have childrenand not for any other nodes.

For the get children test the resultof a node is the right set of childrenthat has all the children of that nodeand no other. For the has child testtrue is returned for nodes with chil-dren and for no other.

tree.TreeTest

15 Test othergetters andcheckers
Test that the getters for a letter for anode or leave are working correctly.Test that the is root and is leafmeth-ods also work correctly and only re-turn true if they are a root or respec-tively a leaf.

For getters, their respective valuesso either the name or the letter. Forthe checkers true is only expectedfor roots or leaves.

tree.TreeTest

16 Test prefixtree search Test different search strings to seewhat words or search queries theyreturn. Also test that nothing isreturned when no correct searchqueries can be found in the data.

For different search strings the re-sult is the correct suggestion, theone with the highest weight in theused dataset.

tree.TreeTest

17 Test prefixtree add orincrementfunctionality

Test that the tree can be updatedcorrectly with new data. The datashould be stored in the correct placein the tree and should also havethe correct parent attached to itself.The scores of existingwords shouldalso be incremented correctly.

After adding new words to the tree,the search is able to find the word,the new word has a parent and thegiven score. For an increment theincremented word has the correctnew score: the old one plus theadded score.

tree.TreeTest
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Appendix H

GUI

Figure H.1: GUI with auto complete active giving suggestions to complete ‘a’.
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Figure H.2: GUI with did-you-mean active giving an alternative for ‘addu’.

Figure H.3: GUI which uses the getAdvancedTopN method to give suggestions to complete andcorrect ‘lek’.
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Appendix I

Boxplots of did-you-mean query
times
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Figure I.1: Boxplots of the query speed of the two did-you-mean implementations, BK-tree on theleft and Levenshtein automata on the right. 60



Appendix J

Meetings with Kramp

J.1 Meeting 0
For the first meeting (before the start of the module), we went to Varsseveld to visit the officeof Kramp. Here we met Ron Huiskamp, he is a product owner. We talked about what we have todo for the design project and what our and their interests are. It is very important that we enjoydoing the project, but also that in the end it is useful for Kramp. The reasoning behind this wasthat it’s no fun to do a project for 10 weeks and then nothing is done with it ever again. Also,the project had to be independent of the systems they already have. For example, a part of thewebsite was nearly impossible, because then we had to acquire a basic understanding of thewebsite, which is huge, and this would take too much time. Ron also gave us a tour trough theoffice, which mainly existed of a huge warehouse. Ron would meet with other project owners todecide what would be a good project for us.Later that week Ron sent us the project description and brought us in contact with MaximKlimenko, another product owner and our client for the module.

J.2 Meeting 1 (Skype)
Thiswas our firstmeetingwithMaxim. He tells us Krampwants to become amodern e-business,that is, do everything trough their website. This meeting we mainly talked about the projectdescription that was sent to us, which was somewhat vague.

Do we just make a modular application? What is the in- and output? To integrate somethingin the internal system is too complex. Just the functionality of auto complete and did-you-meanis not good enough. 1 million items have to bemanaged, they all have to bemanaged in differentlanguages. Kramp is a B2B company, so professionals are using the search function. For exam-ple, someone said battery, but meant accu for tractor. So there are 2 parts of the project: theauto complete and the did-you-mean. Auto complete will solve 50-60% of the problems. These2 things are tied together, however. If possible use personalized data too.
Is there an auto complete already? or is this part of the assignment? There is one already, itis based on live index control, it just suggests the first options (alphabetically) that are possible.Based on 3-5 fields of the store. Categories customers can search in are product numbers,product name and category.
How to interact with the DB’s? Kramp has a normal DB with complex models. There is arelation between item and product. It is possible to export data so that we can work indepen-
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dently of Kramp’s environment. We can get access to Google Analytics. We have to sign aNon-Disclosure-Agreement.
Is there a dev-environment? Question became obsolete, we develop independent of Kramp.
What do we have Access to? Actual data, test data, etc. To get access, we have to mailMaxim to tell him exactly what data we want.
How often will we schedule (scrum) meetings? How long are the sprints? At Kramp theywork with sprints of 2 weeks, Maxim thinks 2 weeks is also fine for us. Start of with 1 weeksprints, then after we start implementing, make it bi-weekly. Rough planning: one part how toimplement (conceptual, what data we need, how to analyse it) Make a plan, what is in the scope,what can we do. Conceptual presentation, saying how we will handle everything. 1 part actuallyimplementing it.
We are also thinking about the ethical aspects. It is okay. The goal is to make the customerhappy, so customer first. We don’t want to damage them.
The project will take 9 weeks, including reports, priority is university. This is also fine.
Other things We will get an account for the web shop. Next meeting we will have a Trelloboard. We will think about what is doable.

J.3 Meeting 2 (Skype)
This meeting was mainly about what data we want from Maxim. After doing some research,the data we think we will be needing is a history of search strings (possibly personalized) andwhether this was search string had success or not.

Can we get a history of search strings and which of those were successful? There is notelling exactly which search strings were successful, but they do have Google Analytics, whichhas some statistics. This data also contains enough information to calculate an appropriateweight for each search string. Maxim would send us the data after the meeting.
Can we use (a part of) the current search algorithm as a base for our project? It is notnecessary to use a search algorithm, we just need to give suggestions for auto-completion anddid-you-mean.
Other things It is very important to quantify the result. They want measurable results, like forexample more sales. We will have to make it clear what we want to achieve with the improve-ments.

J.4 Meeting 3 (Skype)
What is cheaper? More processing power or more memory? -> Is pre-calculation preferred or
not? Pre-calculation is preferred, because this will be faster at the time of search. They will soonget new machines with a lot of processing power.

You told us to improve these functionalities, but what is improved? Should we test the new
version with clients? We can use mean reciprocal rank (MRR) to test if the algorithms work.Testing with customers is too gut-feeling based. Keeping track of how many clicks it takes fora customer to reach a specific product is also a possibility.

Is there away to interview or survey clients sowe can find out what the current problems are
with the auto complete/did-you-mean? This is not preferred, Kramp has customer support thatknows about the problems customers have. If we have a questionnaire, Maxim can distribute it.

Is it visible in the data whether an item was clicked after a search or not? Although indirect,it appears to be so.
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Other things Maxim showed us trough Google Analytics. They had roughly 20,000 differentsearch queries in the last 5 months. They are missing product data for now. If one needs a veryspecific product, they will search for the manufacturer number, not its name. For this reason, alot of searches are simply numbers. The auto complete only works after logging in and after 3letters. This could possibly be removed. An example of how it works: ’bat’ gets nothing until youfully type ’battery’. One customer may expect battery, another something else. Technical termssuch as ’battery 85mA’ are not supported well.

J.5 Meeting 4 (Skype)
This meeting we did not have a lot of questions, it was mainly to give an update to Maxim. Wetold Maxim what we had done so far and we will send a weekly update on our design report (ifit is useful at least).

Other things If the data has to be cleaned we can contact Maxim. It was not necessary sofar though. Also, if we need more personalized data we can contact Maxim. In the end it willhave to work on a server, we should take note of that. When we are ready to show something,Maxim will invite some other people to the conversation so they can also check it out.

J.6 Meeting 5 (Skype)
This meeting was a badly scheduled, because effectively there was only 1 workday between thelast meeting and this one. Also, today Maxim was joined by Eric.

What do you think of our design report so far? Shall we send a new version every Thursday
afternoon? Maxim did not have time to read it completely. He said the design and the approachare good, we should continue like this. Also, Maxim found it very technical.

Can we test with users? Kramp has previous search queries, so they know what users arelooking for. Google Analytics is all we have, but at Kramp they know about queries that resultX, but should result in Y. We will have to think about how to do this. If there is not enoughinformation we still have to use actual testing.
Eric Eric is responsible for changing Kramp into a full web shop. He has some feedback onwhat the functionalities should be doing. Kramp has an API for search efficiency. We shouldthink about how we can test this, and how they can access it as well. Be sure to supply Krampwith a manual.
Other things At the moment we have enough data to implement the algorithms. In the futurewe may need more data to supplement the personalization of searches.

J.7 Meeting 6 (Skype)
Thisweekwe becamea bit unsure if the did-you-mean did enough, so thatmainlywas the subjectof this meeting. Besides that it was a short meeting. Also, Maximwas sick, so we had ameetingwith Eric.

What is ignored while currently searching? (quotation marks, dots, etc.) Eric doesn’t know,we will hear that later from Maxim.
What do they expect from the did-you-mean function? Should it work on product names or

search queries? It should work on search queries. Product data can contain ’unhandy’ termswhich can be very unnecessary.
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Can we possibly get indexed product data for the did-you-mean? Question obsolete be-cause of the last question.
We want to test whether what we made is good enough, how do we go about this? User

tests, MRR tests, etc.? As said a few times before, no user tests. It will be hard to make goodstructured tests. The MRR is probably still the best way to go.

J.8 Meeting 7 (Skype)
We discussed the prototype we send to Kramp last week and reacted on their feedback.

Auto complete feedback
1. Auto complete only works from the start of the searchterm In case of a searchterm thatconsists of multiple words, the auto complete only works for suggestions coming from the firstword. This will be fixed once someone actually searches with these words in the different se-quence, because then that term will also be in the list of terms and therefore will be returned.
2. Integration of did-you-mean in the auto complete When a spelling mistake is made whiletyping a search string then the did-you-mean should be applied on the searchterm and the autocomplete should be tried again on the improved search string. This was immediately imple-mented.
did-you-mean feedback Themain feedback on the DYM functionality was if the it is possibleto result multiple options for the DYM, this was immediately implemented and is now possible,however, the relevance of this functionality is still up for discussion.
Other things The acceptance testing is discussed, but no further decision were made on thisfront. Furthermore, the date for the final page was discussed that will be done in week 10 of theproject.

J.9 Meeting 8 (Skype)
We discussed with Maxim and Erik how we would finish up the project.

1. When will we do a presentation at Kramp? We decided to do the presentation on the 12thof April at 9:00.
2. How will we do an acceptence test for this project? The people at Kramp did not findthis necessary, they were very satisfied with the result and they did not know a good acceptencetest.
3. We send you the design report, what were your thoughts about them? They did not readit entirely (which is not surprising since it is quite long)
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Appendix K

Sprint reports

K.1 Sprint 1
The project proposal was made, along with the major part of the ethics report.It was decided that the project would be split in auto complete and did-you-mean. Frans van Dijk,Tim Sonderen and Ramon Onis would work on auto complete. Tim Blok and Yannick Mijsterswould work on did-you-mean.

Auto complete Research was completed on possible auto complete algorithms. It was de-cided that prefix trees would be used in auto complete.

K.2 Sprint 2
Auto complete A pseudocode algorithm and class-diagram was made for the auto completefunctionality.
Did-you-mean Research was done and completed on different did-you-mean algorithms. Itwas decided that both BK-trees and Levenshtein-automata would be implemented to compareeffectiveness and speed.

K.3 Sprint 3
Auto complete The algorithm and tree structure was implemented, along with a basic GUI todemonstrate its functionality.
Did-you-mean Pseudo code algorithms were designed for BK-tree and Levenshtein automataalgorithms.
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K.4 Sprint 4
Auto complete Unit tests were made for the auto complete implementation and, as a result,several bugs were fixed in the implementation.
Did-you-mean The BK-tree was implemented and integrated into the demo-GUI to be demon-strated in a client-meeting.Due to illness, Yannickwas unable towork on the project for amajor part of the sprint. Therefore,Ramon was to implement the Levenshtein-automata algorithm.

K.5 Sprint 5
All the code was cleaned up, and everything was checked for correctness one last time. Besidesthat all the javadoc was checked, corrected an compiled.

K.6 Sprint 6
The last sections of the report were added and finished, then the whole report was checkedcollectively so every last error was out. This took longer than expected, but it was done in time.
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