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1.1 Quick Introduction to Text Analytics 

 

 

 

3

Objectives
 Explain some of the jargon of Text Analytics.

 Describe the basic interface of SAS Enterprise Miner.

 Illustrate key elements of Text Mining using 
SAS Text Miner.

4

Text Analytics
 You use the terms text analytics, text data mining, 

and text mining synonymously in this course.

 Text analytics uses algorithms for turning free-form 
text into data that can then be analyzed by applying 
statistical and machine learning methods, as well 
as natural language processing techniques.

 Text analytics encompasses many sub areas.

5

Text Mining
Text mining as presented here has the following 
characteristics:

 operates with respect to a corpus of documents

 creates a dictionary or vocabulary to identify relevant 
terms

 accommodates a variety of metrics to quantify 
the contents of a document within the corpus
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6

Text Mining
 Derives a structured vector of measurements for each

document relative to the corpus

 Uses analytical methods that are applied to the
structured vector of measurements based on the goals
of the analysis (for example, groups documents into
segments)

7
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Text Mining – Scoring New Documents
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SAS Enterprise Miner

10

SAS Enterprise Miner

Menu Bar

11

SAS Enterprise Miner

Shortcut Buttons
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12

SAS Enterprise Miner

Project Panel

13

SAS Enterprise Miner

Properties Panel

14

SAS Enterprise Miner

Help Panel
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SAS Enterprise Miner
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SAS Enterprise Miner

Diagram 

Workspace

17

SAS Enterprise Miner

Process 

Flow
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18

SAS Enterprise Miner

Node

19

SAS Enterprise Miner

SAS Text Miner

20

Text Mining Tools
The following SAS Enterprise Miner text mining nodes
are discussed:

 Text Cluster

 Text Filter

 Text Import

 Text Parsing

 Text Profile

 Text Rule Builder

 Text Topic
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1.2 From Documents to Data 

 

 

21

Using SAS Enterprise Miner

 Table types

oRaw

oTrain

oValidate

oTest

oScore

oTransaction

 Metadata

oVariable roles

oVariable levels

23

Importing Text Mining Data Sources
 When documents are stored in separate files in the 

same directory, or subdirectories under the same 
directory, then the Text Import node can be used to 
create an appropriate SAS data set for text mining.

 When documents are stored together (for example, one 
document per row in a Microsoft Excel spreadsheet), 
then the Import Data Wizard or File Import node can 
be used to create a text mining data set.

 Sometimes special SAS programming might be required 
if you are combining text data with other data.

24

Working with Text Mining Data Sources
Two supported types of textual data:

 Text with each document stored as a SAS character 
variable in the analysis data set. Appropriate when 
the largest document is smaller than 32,767 characters, 
which is about 10 pages.

 Text Location with the full pathname of the document 
with respect to the Text Miner server. Appropriate when 
the document cannot be completely stored as a SAS 
character variable.
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A stop list is typically used to remove low information terms that add only noise to an analysis. Noisy 

data has no descriptive or predictive value. Stop lists are commonly used when documents are unedited 

and contain numerous misspellings and typographical errors. 

25

Additional Text Mining Data Sources
 Dictionaries

 Inclusion lists (“start lists”)

 Exclusion lists (“stop lists”)

 Synonym tables

 Multi-word term tables

 Entity definitions

 Topic tables

26

Dictionaries: Stop Lists
Dictionaries when a stop list is specified:

 Corpus dictionary: the union of all terms in the corpus
(derived, not specified)

 Stop list: a dictionary of terms to be ignored
in the analysis (specified by the user)

 Start list: terms in the corpus dictionary that are not
in the stop list (derived)
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A start list can be a business or technical dictionary that is developed by the analyst or acquired from 

other sources. Start lists are commonly used when documents are well edited and contain few 

typographical errors. 

 

 

27

Dictionaries: Start Lists
Dictionaries when a start list is specified:

 Corpus dictionary: the union of all terms in the corpus 
(derived, not specified)

 Start list: a dictionary of terms to be used in the analysis 
(specified by the user)

 Stop list: terms in the corpus dictionary that are not 
in the start list (derived)

28
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Other Text Mining Topics Not Covered Here
 Zipf’s Law and frequency filtering

 Stemming and part-of-speech tagging

 Spell checking

 Term weighting schemes

 Entity processing

 Latent Semantic Analysis (LSA) and 
the Singular Value Decomposition (SVD)
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Text Analytics Illustrated with a Simple Data Set 

This demonstration illustrates some text analytic results using a simple data set that  

is designed to be easy to interpret. You can learn a lot about many features of the major Text Mining 

nodes by working through this example. You also use a SAS Code node to show you how to “get under 

the hood” and examine some results. 

In this class, the project that you use and the diagrams are already set up, at least partially. However,  

for each demonstration, you should rebuild your own version of each diagram. In some cases, you can 

make additions to an existing diagram. You start by opening the project called SGF15TA. Then,  

select the diagram WeatherAnimalsSports. Set up the flow for this diagram as it is shown below. 

30

Text Mining Primary Applications
 Information Retrieval

 Document Categorization

 Anomaly Detection

31

Text Mining Supplementary Applications
 Predictive Modeling (Supervised Learning)

 Clustering and Profiling (Unsupervised Learning)

 Data Mining

o Text mining converts text into numbers, so any value you obtain
from having numbers can be exploited with text mining
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1. Insert a File Import node in the diagram. This is the first node on the left that you see in the diagram 

above. In this demonstration, you use a data set that is completely stored in a single Excel 

spreadsheet. This is one way of getting relatively small text mining data sets into SAS Enterprise 

Miner. On the Property Sheet for the File Import node, specify the import file as the data set 

D:\workshop\winsas\SGF15TA\WeatherAnimalsSports.xls. Then run this node. Run the File 

Import node. 

 In some classroom configurations, the import file is located at 

D:\workshop\SGF15TA\WeatherAnimalsSports.xls. 

2. To see the data set after the File Import node is run, go to the Exported Data line of the Property 

Sheet. Click the ellipsis button ( ). Then select the Train data and click Browse near the bottom  

of the window. You see the rows of the data set. The first seven rows are shown in the display below. 

 

The data set has two fields: Target_Subject (with values A, S, W) and TextField, which consists  

of short sentences. The sentences are about with one of three subjects: Animals (A), Sports (S),  

a Weather (W). 

 It is important to understand that the Target_Subject field was created by a person 

interpreting the content of each TextField. It was not created automatically by the Text Miner 

nodes. 

Read through a few of the rows and make sure that you understand the nature of the data set and how 

it is structured. The variable TextField is what is referred to as a document. All the rows of TextField 

together (47 rows of data) are referred to as the corpus collection. 

3. Attach a Text Parsing node to the Text Import node. This node has the language processing 

algorithms and has many different options that can be set by the user. For this demonstration, use  

the default settings. Run the Text Parsing node. 
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4. Attach a Text Filter node to the Text Parsing node. Change Frequency Weighting from Default to

Log. Change Term Weight from Default to Mutual Information. Notice that Mutual Information

is recommended for data where a target variable is present and predictive modeling is the goal. Also

change the Minimum Number of Documents value in the Property Sheet to 2. This option filters

out terms that are not used in at least two documents in the corpus collection. Because you use a very

small data set, this number is reduced from the default 4 to 2. Also, change the Check Spelling

property from No to Yes. (It is easy to forget that Check Spelling is in the Text Filter node and not

on the Text Parsing node. In general, changing this to Yes can add a lot of time to processing, so be

cautious about its use.)

The settings for the Text Filter node now resemble the following:

Run the Text Filter node. 

5. Open the Filter Viewer in the Property Sheet. This is also called the Interactive Filter Viewer.
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Look at the two main windows that open in the Filter Viewer. You see what is shown in the display 

below. The first window, labeled Documents, simply lists each document and any other variables  

on the data set; in this case, only the variable Target_Subject. The second window, labeled Terms, 

gives information about each of the terms that came out of the Text Parsing node. Notice that a term 

does not need to be a single word. 
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The information shown in the Terms window is the following: 

FREQ = number of times the term appeared in the entire corpus 

#DOCS = total number of documents in which the term appeared 

KEEP = whether the term is kept for calculations 

WEIGHT = a term weight (in this case, Mutual Information) because you specified entropy 

as the term weight to use in the Property Sheet 

ROLE = part of speech of the term 

ATTRIBUTE = the different categories are listed later in the chapter 

Go to the Terms window and confirm that “the” is not listed. (If the column of Terms is not already 

in alphabetical order, you can sort a column by clicking on the heading.) Why does the most common 

word in the English language not appear on the list? To understand why, click the Text Parsing node 

so that the Property Sheet for that node is visible. Look at the properties near the bottom. You can see 

that there is an Ignore Parts of Speech property. By default, this excludes certain terms that are very 

common. In particular, Det represents Determiner, which is a class of common words and phrases 

such as the, that, an, and so on. These are eliminated unless you modify this property. 

Go back to the Text Filter node. Why are some of the terms kept (KEEP is checked), but others  

are not kept (KEEP is unchecked)? There are several reasons why a word is not kept, and these can 

depend on settings in both the Text Parsing node and the Text Filter node. One reason, such as for  

the word antelope, is that it does not appear in enough documents. You previously set the 

Minimum Number of Documents property to 2 for the Text Filter node. Because antelope occurs 

only in one document, it is not kept. 

Another reason a term is not kept is if it appears on a stop list used in the Text Parsing node.  

The default stop list is SASHELP.ENGSTOP. If you open and look at it, you see a list of many 

terms that are excluded from further computations. 

On the Text 

Parsing node 

Property Sheet 

Default Stop List on  

the Text Parsing node 

Property Sheet 
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If you open SASHELP.ENGSTOP from the Text Parsing node, you see that all is listed as a term 

not to be used, as in the display below. Therefore, all is not selected as KEEP in the Text Filter 

node. 

 

6. You now use the two main analytic text mining tools, the Text Clustering node and the Text Topic 

node. Attach a Text Clustering node to the Text Filter node as in the first diagram of this section. 

The Text Clustering node takes the 47 documents in the example data set and separates them into 

mutually exclusive and exhaustive groups (that is, clusters). The number of clusters to be used  

is under user control. You modify four of the default settings. 

a. Change SVD Resolution from Low to High. 

b. Change Max SVD Dimensions from 100 to 3. 

c. Change Exact or Maximum Number (of clusters) to Exact. 

d. Change Number of Clusters from 40 to 3. 

The settings resemble the ones below. 

 

The term all is on the default Stop 

List SASHELP.ENGSTOP. 

Use these 

indicated settings 

for the Text 

Cluster node. 
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Regarding the Text Cluster properties, remember that you are using a very small and simple data set. 

You know that there are basically three types of documents (animals, sports, weather). It is most 

reasonable to think in terms of creating a small number of clusters (for example, three to five). Use 

three. In practice, with real and complex text data, you want to experiment with these parameters. 

You might want to start with the default property settings. Run the node. 

7. Open the Text Cluster node results and examine the left side of the Clusters window as shown.

Exactly three clusters were created, as requested in the Property Sheet. The Descriptive Terms 

column shows up to 15 terms that are given to help the user interpret the types of documents that  

are put into each cluster. (The number can be changed.) These terms are selected by the underlying 

algorithm as being the most important for characterizing the documents placed into a given cluster. 

Reading these, you can see that Cluster 1, which has 16 documents, has terms such as favorite 

zoo, big cat, and so on. These documents are likely about animals. The + indicates a stemmed 

term. Cluster 2 has 14 documents that are likely related to sports. Cluster 3 has 17 documents that 

likely deal with weather. 

8. To see the new variables that were generated by the Text Cluster node, close out of the results.

Select Exported Data from the Property Sheet.

Then select the Train data set and click Explore. 
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The upper right window (Sample Statistics) shows a list of variables that were exported from  

the Text Cluster node. 

 

Several new variables have been added to the original variables Target_Subject and TextField:  

TextCluster_SVD1-TextCluster_SVD3 – These are numeric variables calculated from a singular 

value decomposition of the (usually weighted) document-term frequency matrix. Each document  

is represented by its values on these three new variables. The values are also normalized so that for 

each document all the squared SVD values sum to 1.0. These are the variables that are used to cluster 

the documents 

TextCluster_cluster_ – This is the Cluster ID, a categorical variable. In this example, it is simply  

a number from 1 to 3 because three clusters were created. The clusters were generated by performing 

a cluster analysis on the three TextCluster_SVD variables. The interpretation of the clusters begins 

with looking at the descriptive terms given for each cluster, as you did earlier. 

TextCluster_prob1 - TextCluster_prob3 – These variables are the probabilities of membership  

in each cluster for a given document. The sum of these probabilities is 1. A document is assigned  

to the cluster where it has the highest membership probability. 

_document_ – This is a document ID. 

9. Many ways to do further explorations with these results can be helpful for learning about what  

the text mining nodes are doing and for looking more deeply at certain aspects of the analysis. 

SAS Enterprise Miner provides a SAS Code utility node that is especially good for this. Attach  

a SAS Code node to the Text Cluster node and go into the Code Editor on the Property Sheet.  

Enter the following code: 

  

The macro variable &em_import_data refers to the Training data set after it is processed  

by the Text Cluster node and imported into the SAS Code node. Because there is a target variable 

(Target_Subject) created by a person who read the documents, it is interesting to see how the 

clusters automatically created by the Text Cluster node align with how the documents were labeled  

by the person. The PROC FREQ step does this by cross-tabulating the cluster variable 

(TextCluster_cluster_) with the target. Run this code and look at the results. 
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This crosstabulation shows that Cluster 1 (which was seen previously to have descriptive terms such 

as favorite zoo, big cat, and so on) consists of 16 documents defined that have to do with 

animals (A) as labeled by the human reader. Cluster 2 (basketball team, play, and so on) 

consists of 14 documents with a target value always equal to S. Cluster 3 (hot weather, winter 

day, and so on) consists of 17 documents, and 16 of them were defined as weather-related. The three 

clusters line up almost perfectly with the labels given to the documents. It would be wonderful if real 

data worked out this well, but do not expect that! 

10. Set up and run the Text Topic node. Look at some results to see how they compare with the Text

Cluster node results. Although a cluster is a mutually exclusive category (that is, each document can

belong to one and only one cluster), a document can have more than one topic or it can have none

of the topics. Attach a Text Topic node directly to the Text Cluster node. Make one change to the

default properties by specifying 3 as the number of multi-term topics to create. Just as the number

of clusters created is a parameter with which you want to experiment when you use the Text Cluster

node, this parameter for the number of topics to create is typically something that you might try with

different values. In this example, the artificial data set was purposely created with three different

topics, so a reasonable value to start with would be 3 to 5 and not the default value of 25. You use 3.



 1.2  From Documents to Data 1-21 

Copyright © 2015, SAS Institute Inc., Cary, North Carolina, USA. ALL RIGHTS RESERVED. 

Run the node. Then click on the ellipsis for the Topic Viewer on the Property Sheet. The Topic 

Viewer is an interactive group of windows. The Topics window shows the topics created by the node. 

 

The three topics created by the algorithm also have key descriptive terms to guide interpretation.  

The five most descriptive terms for each topic are shown. By default, the first topic is selected when 

you open the viewer. In this example, its descriptive terms start with snow, cold, …. This is 

evidently a topic related to weather. The second topic has descriptive terms starting with baseball, 

team, … and relating to sports. The descriptive terms for the third topic (lion, tiger, …) are 

interpretable as having to do with animals. With this simple data set, the algorithm did very well  

in identifying what are known to be the three underlying topics in the documents. 

In the Topics window, there is a column labeled Term Cutoff. For each created topic, the algorithm 

computes a topic weight for every term in the corpus. This measures how strongly the term represents 

or is associated with the given topic. Terms that are above a certain value, called the Term Cutoff, 

appear in yellow in the Terms window shown below. 

Look at the Terms window. You can see all the terms above the cutoff value. 

 

You should know, however, that all terms have a topic weight for each topic, although it might  

be a very small value. 
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Part of the Documents window at the bottom of the Interactive Viewer is show below. Every 

document receives a topic weight for each topic. 

Notice that in the Documents window, the documents with topic weight values above the document 

cutoff for this topic (.469) are shown in yellow. However, it is important to observe that there are 

several documents below this cutoff value that are nevertheless related to a weather topic. For 

example, the first document below the cutoff (“If there is rain or snow....”) has a topic weight equal 

to .446 and is not highlighted in yellow. However, this document certainly involves weather. Although 

a cutoff value for a document can be useful in helping to understand what the topic represents, for 

some purposes, it is the topic weight itself that is used, such as in predictive modeling. It is also 

possible to change the cutoff. 

To see what variables were generated by the Text Topic node, as was done previously with the Text 

Cluster node, go to Exported Data in the Property Sheet. Select the Train data set and click Explore. 

The list of all the variables shows what was previously created by the Text Cluster node and the new 

TextTopic and TextTopic_raw variables created by the Text Topic node. 
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TextTopic_raw1 - TextTopic_raw3 – These are numeric variables that indicate the strength  

a particular topic has within a given document. Three topics were generated because this was 

specified on the Property Sheet. These variables are the same as the topic weight values for the 

documents that were previously looked at in the Documents window of the interactive Topic Viewer. 

Each of these variables (topics) has a label (the five most descriptive terms) to identify it and help 

 the user interpret the topic. 

TextTopic_1 - TextTopic_3 – These are binary variables defined for each document and constructed 

from the TextTopic_raw1 - TextTopic_raw3 values based on the document cutoff values described 

earlier. For example, TextTopic_1 is set to 1 if a document has a TextTopic_raw1 value greater than 

the cutoff value for this particular topic. Otherwise, it is set to 0. The labels for the TextTopic 

variables are the same as for the TextTopic_raw raw variables, except that they have _1_0_ as 

prefixes. This indicates that they are binary variables. Each label shows the five most descriptive 

terms that are identified with that topic. 

11. The emphasis in this class is on text mining for prediction (including supervised classification).  

To that end, continue this demonstration by attaching a Decision Tree node to the output of the  

Text Topic node. This node is found on the Model tab at the top. Among all model types, decision 

tree models are especially good for interpretation. After you attach the Decision Tree node but before 

running it with the default settings, go to the Variables ellipsis button in the Property Sheet to view 

the following window: 

 

By default, the only text mining variables that are considered as candidate prediction variables are 

those that have a role of Input. These are TextCluster_SVD and TextTopic_raw variables. Others, 

such as the TextCluster_cluster_ or the TextTopic variables, which some analysts would consider 

using for prediction or classification, must be redefined as Input variables using the Metadata node. 
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12. Run the default Decision Tree node. Open the results and maximize the Tree window. 

 

The decision tree resulted in three leaves. They are 100% accurate in classifying the documents  

as either A, S, or W. The variables used for this prediction or classification are the TextTopic_1 and 

TextTopic_2 text mining variables because the labels for these variables are displayed in the tree.  

The rules for the tree are obvious. The leaf with Node Id=3 comprises all documents where 

TextTopic_1 (+snow, +cold, + winter …) is quite high, that is, >=.2875. Then Node 4 consists of 

documents where TextTopic_1 is less than .2875 and TextTopic_2 (baseball,+team, …) is less than 

.121. That is, Node 4, which has 100% animal documents, consists of documents that do not contain 

much information about either weather or sports. Finally, Node 5 is defined as consisting of 

documents that have TextTopic_1 less than .2875 and TextTopic_2 greater than .121. In other words, 

these are documents relatively high on the sports topic and low on the weather topic. 

There are many approaches that an analyst can use to interpret the results of text mining. In this 

demonstration, the situation is easy to understand. In most realistic applications, you might need  

to do some creative analytic work to dig more deeply. 

13. The final part of this demonstration is to use the Score node to score new data set. Following the top 

part of the diagram shown at the beginning of this demonstration, bring in a new File Import node. 

Rename it File Import Score Data. The import file for scoring is 

D:\workshop\winsas\SGF15TA\Score_WeatherAnimalsSports.xls. In the Property Sheet, change 

the role of the data set to Score. 
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Run the node and look at the Exported Data window. This Score data set has 16 documents. They  

are related to the three subjects (animals, sports, or weather). (As is usually the case with a data set  

to be scored, there is no target field on this data set.) The object now is to classify these documents 

using the Decision Tree model that was previously obtained on the training data, 

WeatherAnimalsSports.xls. To do that, bring in a Score node and connect it to the output  

of the File Import Score Data node and also to the output of the Decision Tree node. 

 

Run the Score node. Then go to the Exported Data window through the Property Sheet. Select  

the SCORE data to view and click Browse. 

 

14. When the Browse window appears, move. the column headings so that TextField is the first column 

heading and Into: Target_Subject is the second heading (See the display below.) Into: 

Target_Subject is the label for the variable I_Target_Subject. This variable is the predicted 

classification (A,S, or W) of Target_Subject based on the TextTopic_1 and TextTopic_2 variables 

used in the decision tree. 

Read through the 16 rows and check to see whether any of the classifications looks incorrect to you. 

Generally, all of them should look right except observation #14, which is about seasons and therefore 

is really a document about weather. However, it was incorrectly classified as A, an animal document. 

(Also, observation #16 is probably a better fit in A, but does fit in W, as it was used here.) 
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There is an endless number of reasons why the underlying text mining and modeling algorithms make 

mistakes. One possibility in this case is the very small number of training examples that were used. 

1.3 Information Retrieval 

Retrieving Medical Information 

You often want to explore a document collection by searching on various terms of interest. This does not 

require a target variable and is efficiently done with the Text Filter node. As always, you first run the Text 

Parsing node. This demonstration illustrates how to do this using medical information from Medline data. 

The MEDLINES data source contains a sample of 4,000 abstracts from medical research papers that 

stored in the MEDLINE data repository. 

1. Create a new diagram and name it Medline Information Retrieval. Drag the MEDLINES data

source into the diagram. Look at the variables.
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There is more than one variable with the role of Text. In cases like this, the Text variable with  

the longest length is the one that is selected for analysis by the Text Parsing node. If two or more Text 

variables have the same length, the one appearing first in alphabetical order is selected. In this 

example, ABSTRACT (2730 bytes in length) is the longest of the Text variables and is the one that  

is analyzed. 

2. Attach a default Text Parsing node to the Input Data Source node. Notice that the default Text 

Parsing node populates the Properties Panel with certain tables. For example, there is a default 

Synonyms table called SASHELP.ENGSYNMS. (This actually contains only one row  

(one synonym) and is present only as a template). There is also a default stop list called 

SASHELP.ENGSTOP. 

3. Attach a Text Filter node to the Text Parsing node. The default frequency weighting is Log. When 

there is no target variable, the default term weight is Entropy. It is a good idea to make this explicit, 

as shown. 

 

4. Run the default Text Parsing and Text Filter nodes. 

 

5. Select Filter Viewer from the Properties Panel. This accesses the Interactive Filter Viewer where 

searching on terms in the documents is performed. 
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6. In the Terms window, right-click any term in the table. Select Find.

7. Enter glucose as the term to find.
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The table jumps to the portion of the table that contains the term glucose. 

 

Expand  to see the stemmed versions of glucose. It occurred 263 times in its singular form  

and one time as a plural. 

8. Right-click on the first row of glucose and select Add Term to Search Expression. 

 

The term glucose is added to the Search window. The preceding symbols (>#) indicate that all 

stemmed versions (or synonyms if any were defined) of the term are searched for. 
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9. Click Apply. The following results appear in the Documents window:

The abstract is shown on the left. Stretch the column labeled TEXTFILTER_SNIPPET so that you 

can see the term glucose in every row. This indicates the part of the abstract where glucose appears. 

(This is the first occurrence if there are multiple occurrences.) 

Place your mouse pointer above the TEXTFILTER_SNIPPET label. You see the following 

message: “Left-click on column header to sort 93 rows of the table.” This indicates that 93 documents 

were selected because either glucose or glucoses (or both) are found at least once in each document. 

The TEXTFILTER_RELEVANCE column returns a measure of how strongly each document  

is associated with the search term. This is a relative measure. The most relevant document is given  

the highest value of 1. The calculation of this metric considers factors such as the number of times  

a term (or its stemmed versions and synonyms) appears in a document. To get an idea of this, click 

twice on the column heading for TEXTFILTER_RELEVANCE until you see the most relevant 

document in the first row (the one with TEXTFILTER_RELEVANCE=1.0). Then select that row. 

Select Edit  Toggle Show Full Text to see the complete document with the highest relevance score. 
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The full text for this abstract can be read. 

 

Reading through the full document, it is obvious that glucose is used many times. This explains why 

this document has the highest relevance measure for a query based on this term. Select Edit  Toggle 

Show Full Text to go back to the original way of viewing the documents. 

10. Ninety-three documents were retrieved by the query. It is also useful to be able to retrieve documents 

that contain one term, but do not contain another term. For example, in order to take these 93 

documents and eliminate any that contain the term diabetes, in the Search window, enter –diabetes. 

(That is, precede the term with a minus sign as shown below.) Select Apply. 

 

Be sure to separate the two terms with a space. 

Verify that 72 documents of the original 93 remain after you eliminate any documents with the term 

diabetes. 

1.4 Text Categorization 

Categorizing ASRS Documents  

This demonstration illustrates some document categorization using SAS Text Miner.  

 

The ASRS data set can be accessed from the following link: http://asrs.arc.nasa.gov/ 

From the website: 

“ASRS captures confidential reports, analyzes the resulting aviation safety data, and disseminates vital 

information to the aviation community.” 

http://asrs.arc.nasa.gov/
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“More than 850,000 reports have been submitted (through October 2009) and no reporter’s identity  

has ever been breached by the ASRS. ASRS de-identifies reports before entering them into the incident 

database. All personal and organizational names are removed. Dates, times, and related information, 

which could be used to infer an identity, are either generalized or eliminated.” 

As with other data sets used in this course, data sets derived from ASRS have been modified. The original 

data for this demonstration was extracted from the ASRS, pre-processed, and provided to competitors  

in a text mining competition sponsored by SIAM and the NASA Ames Research Center. The competition 

results were presented at the Seventh SIAM International Conference on Data Mining held in 2007  

in Minneapolis, Minnesota. Participants were prohibited from using the R language, SAS software,  

and most commercial software.  

A link that provides access to the original data follows. https://c3.nasa.gov/dashlink/resources/138/ 

A single report in the ASRS database can be a composite derivation of two or more reports filed for  

the same incident. For example, one runway incursion incident can result in three reports: one from  

the pilot, one from the copilot, and one from an air traffic controller. An incident involving two or more 

aircraft can have reports filed from pilots of all aircraft involved, as well as from air traffic controllers.  

In both examples, there will be only one ASRS report, but that report will be prepared by NASA 

professionals based on all reports submitted. 

Reports can be submitted by aviation professionals, such as pilots, flight attendants, and mechanics. 

Reports can also be submitted by non-professionals, such as private pilots. 

A report in the ASRS database has many fields, with one field representing a primary narrative describing 

the incident. This primary narrative is stored in the Text variable. All of the other fields have been 

omitted to simplify the text mining component of the analysis. In practice, an automated labeling system 

would attempt to use all fields. 

NASA manually assigns to each report 1 or more of 54 anomalies, 1 or more of 32 results, 1 or more  

of 16 contributing factors, and 1 or more of 17 primary problems. For example, the report might describe 

an event that was a “runway ground incursion” anomaly, with a “took evasive action” result, that was  

a “human factor” contributing factor, and a “human factor” primary problem. These fields are not 

available in the contest data. Instead, the contest data has 22 labels, with a value of 1 “if document i has 

label j;” Otherwise, the label has a value of -1. Labels correspond to the topics identified by NASA to aid 

in the analysis of the reports. The labels are not defined in the competition. For the course data, the 22 

labels are named Target01, Target02 up through Target22, and an original coding of (-1,1) has been 

changed to (0,1), with a code of 1, which indicates the presence of the label in the document. A document 

can be associated with one or more labels. 

The ASRS training data we will use contains columns that indicate which of the 22 manually assigned 

labels relates to a given report. The goal is to develop a system to automatically detect incidents to avoid 

the time, cost, and error associated with manually labeling the reports. In other words, we will be building 

a model on a data set where experts have already read the reports and made evaluations. (This is the sort 

of process that many people will use for sentiment analysis: create a data set of labeled cases and then 

build an automatic classification/prediction system based on these known cases.) In an actual operational 

system for this example, we would build 22 models to evaluate whether each of these 22 types of events 

occurred. This collection of models would provide 22 predicted values, one for each target.  

https://c3.ndc.nasa.gov/dashlink/resources/138/
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The 22 target events vary considerably with respect to the difficulty of modeling them. Descriptions  

of several of these target events (as given in E.G. Allan et al 2008), along with published ROC index 

values for models that Allan et al obtained using an analytic method known as Nonnegative Matrix 

Factorization, are shown in the table below. 

Some of the 22 ASRS target events with their ROC index values from published model results: 

Event Label in Course Data Description of Event Reported ROC Index From 

Allan et al Model Results 

Target02 Operation Noncompliance .6009 

Target05 Incursion (collision hazard) .8977 

Targer13 Weather Issue .6287 

Targer21  Illness or Injury event .8201 

Target22 Security concern / threat .9040 

1. Create a new diagram and name it ASRS Text Categorization. 

2. Create a data source for the ASRS data using SGF15TA.ASRS.  

Use the following metadata: 
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The data set contains 22 variables with the names Target01 throughTarget22. We will use Target05 

for this demonstration, so all the others should be rejected. From a table in the E.G. Allan et al article 

“Anomaly Detection Using Nonnegative Matrix Factorization” (2008, p. 215), the incident for 

Target05 has to do with the occurrence of a collision hazard event. The variable Size is just the length 

of the report in bytes and will not be used. Only the report itself (Text) is needed, but ID can be left  

as an ID variable.) 

3. Drag the ASRS data source onto the diagram.

4. To investigate the robustness of the automated assignment, add a Data Partition node to the partition

data set SGF15TA.ASRS. Use a 75/25/0 partition.

5. Attach a Text Parsing node to the Data Partition node. Leave all the defaults as is and run the node.

6. Attach a Text Filter node to the Text Parsing node. Change the default weightings to Log and

Mutual Information. (Although in this case, these are the defaults.) Leave all else in default mode

and run.

7. Attach a Text Cluster node to Text Parsing. Use the default settings. Run the Text Cluster node.

8. This generates a 16-dimensional SVD solution. Go to Exported Data in the Property Sheet. Select

the TRAIN data set and then click the Explore button. Verify that you have a 5-dimensional solution

by looking at the number of TextCluster_SVD variables.

 SVD=Singular Value Decomposition. In general, SVD provides the algorithmic component  

of Latent Semantic Analysis (LSA). A 16-dimensional SVD solution implies that each 

document will be assigned a 16-dimensional vector, which translates to the SAS data set 

observation associated with a document will have 16 additional numeric variables associated 

withthe document. 
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9. Attach a Decision Tree node to the Text Cluster node. Change the Assessment Measure property to 

Average Square Error and Leaf Size to 25. (These are fairly routine changes that are often found to 

produce better results with trees. Obviously 25 is not some magic number, but the default Leaf Size of 

5 is considered by many analysts to be too small.) Run the node, and open the results window. The Fit 

Statistics table follows. 

 

Sixteen SVD 

dimensions were 

created. 

Nine clusters were 

derived. 
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The decision tree exhibits an 8.6% misclassification rate for the validation data. If you apply Text 

Mining and use the 16 SVD variables as inputs for a predictive model, a decision tree model can  

be expected to correctly categorize 91.4% of the documents into the Target05 category (occurrence 

of a collision hazard event). 

You can use the Text Rule Builder node as an alternative to decision tree modeling. This node 

provides a text mining predictive modeling solution within SAS Text Miner. To compare models  

in Enterprise Miner, use the Model Comparison node in the Assess tab. A summary of a comparison 

of a decision tree, a Text Rule Builder solution, a logistic regression model, and a neural network 

model are provided below. 

The Text Rule Builder is competitive with the other prediction tools, but the node can only use text 

input. To combine text inputs with other input variables, you must venture outside of the Text Mining 

tab. Allan, et al, used the C statistic for comparison. The table below shows that results depend  

on the accuracy statistic chosen. The C statistic for the neural network is 0.9330, which beats  

the value achieved by Allan, et al, which was 0.8977. 

This demonstration shows that document categorization with a well-defined target variable is just a 

special case of predictive modeling. 
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1.5 Enhancing a Bigger Project 

Enhancing Text Mining with Custom Topics and Profiles  

This demonstration illustrates how custom topics can be used to provide an alternative to predictive 

modeling for document categorization. 

Use the Movies data set. 

1. Create a diagram called Movies. 

2. Create a data source using the Movies2015 data set in the SGF15TA library, 

SGF15TA.Movies2015. 

The Metadata is given in the following table. 

 

When multiple text variables are present, the Text Parsing node will pick the variable with  

the largest length. 

3. Drag the Movies2015 data source into the Movies diagram. 

4. Attach a Data Partition node to the data source node. Change the Train/Validate/Test proportions 

to 75/25/0. Run the Data Partition node. 

5. Attach a Text Parsing node. Use the default settings. Run the text Parsing node. 

6. Attach a Text Filter node. Use the default settings. Run the Text Filter node. 

7. Attach a Text Cluster node. Change Exact or Maxim Number to Exact. Change the Number  

of Clusters to 10. Run the node. 
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8. Attach a Text Topic node. Select User Topics. Select Add Table. Select the SGF15TA.POSNEG

table.
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Click OK. Run the Text Topic node. 
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9. Open the Topic Viewer.

The two custom topics, Negative and Positive, are at the top of the Topic table. Scroll down in the 

Topic table to the last five topics. 
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The derived topic with keywords +comedy, +joke, +funny, +laugh, and humor appears  

to be a comedy topic. This possibly represents a solution to the document categorization problem 

without using a target variable, also known as unsupervised learning. Select the topic by right-

clicking and selecting Select Current Topic. Change the name to Comedy Topic. 
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Note that any editing of a topic causes the Category to change from Multiple to User. Scroll down 

to the term movie and change the Topic Weight to 0 (zero). 

 

Click the Recalculate button. The Document weights will have changed very slightly. Note that 

for the Comedy target variable, all values listed in the table are equal to one (1). This suggests 

that perhaps the Comedy Topic is correctly categorizing the movies with respect to being a 

comedy movie. To validate this, you should calculate precision and recall for the Comedy Topic. 

Doing so is beyond the scope of this presentation, but a SAS program is included that can 

perform the calculations. To calculate the values by hand, use the Stat Explore node to get a 

crosstabulation table. 
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10. Close the Topic Viewer and save the results. Run the node again to update the topics based  

on the new added custom topic. You can check the Custom Topic table to verify that Comedy 

Topic has been added. 

11. Attach a Metadata node and change the roles of TextTopic_1 and Comedy to Input. The Stat 

Explore node only performs crosstabulations for input variables. Run the Metadata node. 

12. Attach a Stat Explore node to the Metadata node. Select Cross-Tabulation and choose variables 

Comedy and TextTopic_1. Run the node. 

 

Precision=237/(237+34)=87.5%; Recall=237/(237+443)=34.9%. The TextTopic_1 variable  

is derived using a cutoff of 0.043 for the TextTopic_raw1 variable. Changing the cutoff to 0.019 

produces precision and recall values of about 62% with a misclassification rate of about 18%. 

13. Attach a Decision Tree node to the Text Topic node. Change the Leaf Size to 25 and the 

Assessment Measure to Average Squared Error. Select the Variables property and set the Use 

status of Genre to “No.” Run the node. 

14. Open the results window. The fit statistics reveal a misclassification rate of 14.3%. Using  

a breakeven point that yields approximately the same precision and recall, the misclassification 

rate is about 17% with precision and recall around 66%. [These values can be obtained using  

a SAS code node and a precision/recall break even program.] 

Suppose you want to profile every genre based on the synopsis of each movie. 

1. Attach a Metadata node to the Text Filter node. Change the role of Genre to target and the role  

of Comedy to rejected. Run the node. 

2. Attach a Text Profile node to the Metadata node. Select the Variables property and make the 

following changes. 

 

Run the node. 
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3. Open the results. Expand the Beliefs by Value window.

Examine the Profiled Variables window. 

The 8 term profile for Comedy is: comedy/Nn, movie/Nn, david/Prn, character/Nn, joe/Prn, 

scene/Nn, mom/Nn, and thing/Nn.  

The Text Profile node can profile any nominal target variable by deriving keywords that 

are associated with each nominal category. 

You can experiment with different properties and settings to try to improve the profiles. 



 1.6  References 1-45 

Copyright © 2015, SAS Institute Inc., Cary, North Carolina, USA. ALL RIGHTS RESERVED. 

1.6 References 

Text Analytics Using SAS Text Miner Course Notes. Cary, North Carolina: SAS Institute Inc. 2014. 

E. Allan, M. Horvath, C. Kopek, B. Lamb, T. Whaples and M. Berry. Anomaly detection using 

nonnegative matrix factorization. In M. Berry and M. Castellanos, Editors, Survey of Text Mining II: 

Clustering, Classification, and Retrieval, pages 203-218. Springer-Verlag London Limited, 2008. 

Chakraborty, Goutam, Murali Pagolu, and Satish Garla. 2013. Text Mining and Analysis: Practical 

Methods, Examples, and Case Studies Using SAS. Cary, North Carolina: SAS Institute Inc. 

Evangelopoulos, Nicholas, Xiaoni Zhang, and Victor R. Prybutok. 2010. "Latent Semantic Analysis:  

Five methodological recommendations." European Journal of Information Systems. 1-17. 

 

  



1-46 Chapter 1  Text Analytics 

Copyright © 2015, SAS Institute Inc., Cary, North Carolina, USA. ALL RIGHTS RESERVED. 


	Course Outline
	SGF15TA_001 Chapter 1.pdf
	Course Outline
	Chapter 1 - Text Analytics
	1.1 Quick Introduction to Text Analytics
	1.2 From Documents to Data
	1.3 Information Retrieval
	1.4 Text Categorization
	1.5 Enhancing a Bigger Project
	1.6 References






