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I. Introduction  
 

1. Statistical data is needed to be used in the analysis of economical and social structures of 

countries. However, providing the same meaning among users and also in international areas requires that 

statistical data would be arranged on the base of certain standards. Communication of information users 

(who speak different languages or have different purposes) would be possible only with a common and 

accurate language constituted by means of classifications and codification systems. 

 

2. According to our Official Statistics Programme, we are compiling data from many kind of 

sources. These sources expose a lot of text fields that has to be classified or coded. This coding process is 

very important because it plays a crucial role in the classification of information. Therefore, the more 

accurate the classification process, the better the results are. The conversion of text fields into code is a 

process that needs to be controlled. However, we can not say that these fields have always been filled by 

professionals, as it is necessary to obtain data from different sources. Even if filled by professionals, we 

have to consider the differences in approach. It should always be kept in mind that there may be 

differences in human approach in such processes carried out with human power. So a process should be 

developed for the control of the areas encoded. Text mining can help us in this regard. 

 

3. It is thought that more than half of available data sources on earth are not structural. The text 

fields within it have a major place. As a result, the importance of text mining is increasing. The purpose 

of text mining is to process unstructured (textual) information, extract meaningful numeric indices from 

the text and thus, make the information contained in the text accessible to the various data 

mining (statistical and machine learning) algorithms. Therefore classification of textual fields in complied 

data sets is a convenient implementation for text mining.  

 

4. The aim of the paper is to present the text mining applications under codification purposes, it can 

be used in the control of the encoded areas and also how it can be used to encode the text field from 

scratch. Section 2 explains the motivation of the practice. The methods for structuralize non-structural 

data and text mining process and tools are introduced in Section 3. The paper finishes with a final remark. 

 

II.  Motivation 
 

5.  Statistical information in official statistics is needed to be examined the economic and social 

structures of nations. However, for providing comparable data of this information for both international 

area and users, it must be depended on certain standards. 

 

6.  According to the OECD Glossary of Statistical Terms, „Standard classifications are those that 

follow prescribed rules and are generally recommended and accepted. They aim to ensure that 

information is classified consistently regardless of the collection, source, point of time etc. Ideally, 

standard classifications contain categories that are mutually exclusive and exhaustive. For example, any 

given response or data can be matched to one category only and every possibility is anticipated and 

catered for. 

http://www.statsoft.com/textbook/statistics-glossary/d.aspx?button=d#Data%20Mining
http://www.statsoft.com/textbook/statistics-glossary/d.aspx?button=d#Data%20Mining
http://www.statsoft.com/textbook/statistics-glossary/d.aspx?button=d#Data%20Mining
http://stats.oecd.org/glossary/
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7. Statistical surveys often generate a very large amount of data that needs to be categorised, in 

order to facilitate its collection, dissemination and interpretation. Using a common classification means 

data is categorised according to an agreed set of regulations and is fully comparable for all users 

irrespective of which organisation compiled the data. Official statistics uses a number of classification 

systems which structure things such as economic activities, products, socioeconomic phenomena, 

educational attainment or geographical units. 

 

8. As a result, classification is very important for collection, dissemination and interpretation 

correctly. However, when classification is done by different people in different environments, there may 

be shifts between the categories depending on the level of knowledge or viewpoints. Therefore, it is most 

ideal to control or assign the fields which are received as text and which need to be coded by means of a 

standard system. To date, cross-checks and the use of competent human power have tried to increase the 

consistency of classification and have used so much human power for this. Both the effective use of 

human power and the creation of a systematic structure in the control or assignment of classifications 

constitute the basic motivation of this work. 

 

III.  Methods and Tools 
 

9. In these section we will first deal with structuralize non-structural data, after that we will discuss 

the tools we use for text mining for exploring the textual data for its content and then using discovered 

information to improve or predict the existing processes. Lastly, we will address the issue-specific 

approaches in the end of this section by the help of the flowchart of the process. 

 

A.  Structuralize Non-structural Data 
 

10. Life does not always give us data that is clean and structured. Much of the information generated 

by humans has little or no formal structure like the textual fields in our complied data sets. These written 

texts are unstructured but machine learning algorithms and techniques work best (or often, work only) on 

structured data. So, in order for our machine learning models or handmade models to operate on these 

documents, we must convert the unstructured text into a structured text. 

 

11. This stage is actually a process performed by programs that support text mining. The only 

program that supports Turkish language in linguistics is SAS Text Miner. However, the results we 

obtained from SAS Text Miner did not satisfy us. Therefore, we benefited from another SAS product 

named Dataflux (a data quality program). Also by using Dataflux, we can fully control our structural pace 

and establish a structuralizing process independent from any starter data. 

 

12. The basis of the process we have made in Dataflux is to correct typographical errors and to bind 

the words to a standard word list. As we mentioned earlier, it is very difficult to talk about the structure in 

human-generated data. I mean, there are definitely spelling mistakes in words. Therefore, the main 

challange is to detect the root of the wrongly written words. There are several methods we use in this 

case. To mention them briefly; 

 

(a) Conversion tables at many levels of word-groups: With this method, the dictionaries are 

created by putting the word roots in the face of the misspellings of the words. At least two 

dictionaries should be formed in this process. The first dictionary will evaluate the words one by 

one. The second dictionary is for the situations where the two words must be evaluated 

together.(i.e. the word “dıs” don‟t mean anything in Turkish and it can be “diş” (tooth) or “dış” 

(outside) according to the word nearer to it.) 

 

In addition, a further standardization dictionary like thesaurus dictionary can be created for 

reducing the number of words to be considered. 

 

(b) Regular expression (regex): Short for regular expression, a regex is a string of text that 

allows you to create patterns that help match, locate, and manage text. Mastering regular 

expressions can save thousands of hours if you work with text or need to parse large amounts of 

data. The weak side for us at the moment is that there is no regex library ready for Turkish.  
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(c) Algorithms that are available for matching two records: There are three algorithms that 

we are using for matching the records, 

 

 Edit Distance, is a measure of similarity between two strings, s1 and s2. The 

distance is the number of insertions, deletions or substitutions required to 

transform s1 to s2. 

 

 Jaro Winkler, is a string comparator measure that gives values of partial 

agreement between two strings. The string comparator accounts for length of 

strings and partially accounts for typical human errors made in alphanumeric 

strings. 

 

 Soundex, lets you compare words that are spelled differently, but sound alike. 

 

None of these algorithms have been designed with the Turkish language in mind. So, no stable 

results can be obtained from a single algorithm. However, methods were developed by 

comparing the results of algorithms and looking at the similarity of the results to the source. By 

that way, a satisfactory standardization procedure was established. 

 

13. Various attempts have been made to determine an appropriate word structuring method for 

Turkish language by these methods. However, once the advantages and disadvantages of the methods are 

addressed, the regex is preferred, which can be sustainable and carried out with minor interventions after 

the preparation. This is essentially standardization, but combining different expressions with a single root 

access means that a structural relationship can now be established. As a result, this process eventually 

reduced the number of words to be handled by structuring and made our data ready for text mining 

process. 

 

B. Text Mining 
 

14. A typical predictive data mining problem deals with data in numerical form. However, textual 

data is typically available only in a readable document form. Forms could be e-mails, user comments, 

corporate reports, news articles, web pages or the expressions that need to be encoded. Text mining 

attempts to first derive a quantitative representation of documents. Once the text is transformed into a set 

of numbers that adequately capture the patterns in the textual data, any traditional statistical or 

forecasting model or data mining algorithm can be used on the numbers for generating insights or for 

predictive modeling. 

 

15. In text mining training data is very critical. Because whatever enters the system, it comes out. 

Training data contributes greatly to the quality and speed of modelling. Although the training data set can 

be created by the softwares, the training data is created by us to get maximum benefit from the software 

to be used and make a profit in terms of time. First of all, relevant data collected in this classification 

related to prior years have been brought together. Takin into account, the frequency and the uniqueness of 

the codes, a training set was created which provide ideal learning conditions for the softwares.  

 

16. Exploratory analysis, summarization, and categorization are in the domain of text mining. In our 

situation, we used categorization to associate text fields with the appropriate codes. We have developed 

different approaches from different softwares through this process. To mention them briefly; 

 

(a) SAS Text Miner is useful for extracting the underlying key topics or themes in textual 

documents. This tool offers the capability to group similar documents based on terms and their 

frequency of occurrence in the corpus of documents and within each document. It provides a 

feature called “concept linking” to explore the relationships between terms and their strength of 

association.  
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At the presence of target variable, supervised classification or prediction models can be built in 

SAS Text Miner. Therefore, in the text mining process flow of SAS text miner, the basic steps 

for supervised classification are parsing, filtering and rule building.   

 

Parsing step is to extract, clean, and create a dictionary of words from the documents using 

natural language processing. This includes identifying sentences, determining parts of speech, 

and stemming words. This step involves parsing the extracted words to identify entities, 

removing stop words, and spell-checking. 

 

In text filtering step, you will likely to eliminate many terms that are irrelevant to either 

differentiating documents from each other. Term filtering alters the term-by-document matrix 

dramatically and at this step you can try different term and frequency weighting options. 

 

Rule building step that can be used to generate Boolean rules using important terms in the data to 

help predict the categories. The trained model generates Boolean expressions that represent one 

or more terms occurring in the presence or absence of one or more terms using the Boolean 

operators AND, OR, and NOT. This feature is its ability to show the terms explaining the reason 

why a document, based on its content, falls into a category. 

 
Table 1: Obtained results from rule builder as an example. 

 

Rule 

No. 

Target 

Value 

True 

Positive/

Total 

Remaining 

Positive/Total Rule 

Estimated 

Precision 

Sample 

Precision 

Sample 

Recall 

1 47.52 198/204 1,338/21,602 nalbur 0.93 0.97 0.14 

2 47.52 289/295 1,140/21,398 

perakende & ~giyim & 

inşaat & ~top 0.93 0.97 0.36 

3 47.52 143/146 851/21,103 

perakende & ~giyim & 

hırdavat 0.92 0.97 0.47 

4 47.52 65/68 708/20,957 

perakende & ~giyim & 

kapı 0.85 0.97 0.51 

5 47.52 65/68 643/20,889 

perakende & ~giyim & 

boy 0.85 0.97 0.56 

6 47.52 51/53 578/20,821 tesisat 0.83 0.97 0.60 

7 47.52 36/36 527/20,768 

perakende & ~giyim & 

profil 0.82 0.97 0.63 

8 47.52 31/32 491/20,732 

perakende & ~giyim & 

küvet 0.77 0.97 0.65 

9 47.52 28/29 460/20,700 

perakende & ~giyim & 

lami 0.76 0.97 0.67 

10 47.52 21/21 432/20,671 

perakende & ~giyim & 

kereste 0.72 0.97 0.69 

. . . . . . . . 

. . . . . . . . 

. . . . . . . . 

. . . . . . . . 

. . . . . . . . 

. . . . . . . . 

46 47.52 2/3 118/20,270 lama 0.18 0.91 0.91 

 
(b) SPSS Modeler is a powerful, versatile data and text analytics workbench that helps you build 

accurate predictive models quickly and intuitively, without programming. The Text Mining node 

in SPSS Modeler uses linguistic methods to extract key concepts from the text, allows you to 

create categories with these concepts and other data, and offers the ability to identify 

relationships and associations between concepts based on known patterns (called text link 

analysis). The node can be used to explore the text data contents or to produce either a concept 

model or category model. 
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We did not use the text mining node of the SPSS modeler in our application. Because the product 

in question does not have a text analytic product licensed by our institution. Moreover, it does not 

support Turkish but it has a feature called “Automated translation of supported languages”. This 

feature allows the relevant language to be translated into English and work on it. But this is not a 

preferred method for Turkish, where there are many differences on words depending on 

synonymy and the part of the speech. 

 

Instead of using the text analytics feature, we chose to analyze this data with data mining 

methods, since we have a structured data. We used the association node, which is one of the data 

mining nodes. Association rules are statements of the following form. 

if  condition(s)  then  prediction(s) 

For example, "If a customer purchases a razor and after shave, then that customer will purchase 

shaving cream with 80% confidence." The Association Rules node extracts a set of rules from the 

data, pulling out the rules with the highest information content. By that way, depending on the 

target, various rules have been created by the program. 

 

Table 2: Obtained results from association rule mining as an example. 

 
Rule 

No. Consequent Antecedent  

Support 

% 

Confidence 

% 

1 47.52 inşaat & perakende 0.432 90.530 

2 47.52 malzeme & inşaat & perakende 0.386 91.808 

3 47.52 hırdavat & perakende 0.363 82.159 

4 47.52 inşaat & ticaret & perakende 0.223 92.176 

5 47.52 

malzeme & inşaat & ticaret & 

perakende 0.207 92.612 

6 47.52 nalbur & perakende 0.200 95.913 

7 47.52 inşaat & perakende & satış 0.195 88.268 

8 47.52 çimento & perakende 0.189 96.821 

9 47.52 boya & perakende 0.177 87.346 

10 47.52 

malzeme & inşaat & perakende & 

satış 0.169 90.675 

. . . . . 

. . . . . 

. . . . . 

. . . . . 

. . . . . 

. . . . . 

9923 47.52 nalbur 0.003 83.333 

 

C. Specific Methods on Subject 
 

17. Specific situations related to this application will be mentioned in this section. Further flow-chart 

of the entire application is included. First we will refer to the specific methods we have carried out during 

the structuring process. Before the structuralize process, areas that do not benefit from the coding 

contained in expressions are either deleted or converted. For example, if the expression is Coca Cola, or 

if only Coke, it is converted to "carbonated soft drink". Another example is the deletion of signboard 

titles, for example "Migros Market" is converted to "Market" only. After the structuralize process, all 

synonyms of a word is arranged to be represented by a single word. For example, “doktor” and “hekim” 

have the same meaning in Turkish. So they are all turned into "doktor". In this way, the number of words 

to be entered into the process of creating rules has tried to minimize. 

 

18. Another specific case of application is the creation of an inadequate dictionary. The approach is 

that, if an expression is not in the context of to be coded, it should not be included in the modeling 

process. Because it is an expression that can not be coded, it would be wrong to code it and it will also 

have a negative effect on the training process of the model. The use of inadequate glossary can be 

observed from the following flow chart. 
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19. Another specific case is coding via DataFlux. It is possible to encode the structured data by 

matching with a standardized expression catalog, consisting of sufficient expressions and code matches. 

This is an application out of text mining but this way is also provided succeed in achieving the results. 

 

20. Finally, as can be observed from the flow chart, the results obtained from the application lead to 

continuous feeding or correction of the system. This process is carried out by professionals by the cases 

that are not assigned or appointed differently from the field, at the end of the assignments. This process 

will never end, because there are always new expressions and spelling mistakes from the area. It is 

imperative that the process is iteratively monitored every time even if the rate of new expressions falls. 
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IV.  Final Remark 
 

21. What is described here is about transferring the approach of an ongoing project only in the 

philosophical sense. It has already been used parts and is integrated with the data analysis platform of our 

institution. By that way, the evaluation can be done when the information is entered from the field and if 

there is a problem, the feedback to the related person is provided instantaneously. 

 

22. In this paper we talked about how text mining is used in the classification process in many 

different ways. We compare the results obtained with different methods to support the system is another 

matter. As a result, control the fields encoded with text mining or encode from scratch, the process is 

undoubtedly beneficial.  However, it will show how much it benefits, or whether it can take its place, 

because our related studies are continuing. 

 

23. To summarize we applied this process of text mining to the textual fields and classifying them to 

international standards in some of our cases and get successful results and start to save human power and 

established an accurate classification system freeing with the diversity of the human belief. Also, we hope 

this system is going to help us at the integration of the administrative records in the future. 
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