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ABSTRACT 
In the past, attempts to capture sentiment in studies have used survey questions with Likert scales or qualitative 
analysis with a very small number of observations. With the use of text analysis provided in SAS Text Miner, it is now 
possible to use open-ended questions to analyze for sentiment.  There are many terms in medical research that have 
different meanings to different players: patients, physicians, hospitals, payers, and government bureaucracies. With 
the Affordable Care Act (Obamacare), there will be additional accountability by providers as well as attempts to ration 
care based upon the definition of the terms, effectiveness, futility, necessary, and reasonable as well as the concept 
of quality of life. Such attempts are already occurring for the cancer drugs, Avastin and Provenge. Currently, quality of 
life surveys are based upon one concept developed largely by providers. Quality of life is defined on the basis of 
functioning only and not upon the basis of social relationships. It is the purpose of this study to examine how open 
ended questions and SAS Text Miner can be used to investigate how different groups and individuals tend to 
understand crucial terminology in a practicing discipline and how the term, quality of life, can be better understood.  
 
INTRODUCTION 
The literature of medical research is a promising target for text data mining; a large and growing database of medical 
journal articles or hospital patient records exist in digital format, and the formalized and detailed content delivery style 
makes them a good subject for computerized text analysis. Because of the large number of journal articles published 
and large clinical databases, it is unlikely that any one researcher could read, analyze, and organize the contents of 
all of them. In theory, at least, text mining ought to be able to help the users of these large text databases to find 
essential semantic characteristics of the available texts and possible linkages even across disciplines. 
 
We want to examine how SAS Text Miner can be used to investigate sentiment when it comes to crucial terminology 
in a discipline. In this study, we focus on healthcare terms. We demonstrate the means of examining sentiment using 
open ended survey questions related to the terms, health and quality of life. To a person without a hand, is a hand 
transplant a benefit? To the surgeons, is a hand transplant of benefit to the patient? A recent study suggests that the 
two perspectives are extremely different. The majority of surgeons surveyed indicated that it was not beneficial 
because prosthesis is available without the risk of anti-immune drugs. However, the patients without hands wanted to 
sign up immediately for a transplant. (Edgell, McCabe et al. 2001) 
 
The patients with metastatic breast cancer will virtually all prefer disease-free survival as a benefit to the use of the 
drug, Avastin. However, the FDA has decided that disease-free survival is no longer a reasonable benefit; it only 
counts as a benefit if there is overall survival. Such changing meaning to basic terminology can drastically change 
results and patient treatment options. (Anonymous-WSJ 2010) 

We would like to ensure that all of the terminology used in defining models is both reliable and valid. However, if 
different groups view the terminology with different concepts and sentiments, then the validity is questionable. In 
comparative effectiveness analysis, the concepts that we need to focus on are health, perfect health, and quality of 
life. Additional terms that should be considered are disability, utility, extraordinary medical care, palliative care, and 
comfort care. Perfect health is hard, if not impossible, to define. Some argue that there are health states worse than 
death, and that there should be negative values possible on the health spectrum. Determining the level of health 
depends on measures that some argue place disproportionate importance on physical pain or disability over mental 
and emotional health. The effects of a patient's health on the quality of life of others (e.g. caregivers or family) do not 
figure into these calculations.  
 
In yet another aspect of sentiment mining, we can investigate patient feedback concerning their use of medications 
with severe side effects. We can also see if patients find the severity and the corresponding diminished quality of life 
too great to continue treatment. We will do this while investigating the drug, Neulasta, which has known side effects 
of severe pain (in over half the treatment population) as well as the potential for a ruptured spleen. While such 
patients may have a lowered quality of life, almost all of them are willing to tolerate it in order to improve their health.  
 
THE USE OF COMPARATIVE EFFECTIVENESS ANALYSIS 
The National Health Service in Britain has been using comparative effectiveness analysis for quite some time.  NICE 
stands for the National Institute for Health and Clinical Excellence;  this organization has defined an upper limit on 
treatment costs, and if the adjusted cost exceeds this pre-set limit, then the treatment is denied.  It does not matter if 
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the drug is effective or not; it does not matter if the unadjusted cost is within the threshhold. That means that there 
are many beneficial drugs that are simply not available to patients in Britain; fully 25% of cancer patients are denied 
effective chemotherapy medications.  
 
NICE is not comparing drug A to drug B. Instead, the organization compares the cost of a drug to the value the 
organization places on your life. If it costs too much to keep you alive given your value, or to improve your life, then 
you are denied treatment. Oregon has become notorious in its Medicaid benefit, denying cancer drugs to patients, but 
making the same patients aware that assisted suicide is available.  Oregon will not make available drugs that can 
prolong a patient’s life; it will make available a drug to end it (which will then save additional medical costs).  (Springer 
2008) Currently, pharmaceutical companies have been subsidizing Oregon’s Medicaid by providing these drugs to 
patients who have been denied by Medicaid. (Smith 2009) It has been suggested that euthanasia is cheaper than 
end of life care, and more cost-effective than treating many patients with terminal illnesses. (Sprague 2009) Just 
recently, the Food and Drug Administration has considered retracting approval of a chemotherapy drug for breast 
cancer on the basis of cost effectiveness rather than effectiveness. 
 
A comparative effective analysis starts with the perceived patient’s utility given the disease burden. The QALY, or 
quality of life-adjusted years is an estimate of the number of years of life gained given the proposed intervention. 
Each year of perfect health is assigned a value of 1.0. A patient in a wheelchair is given a correspondingly lower 
value as is a patient who is elderly; this value is not clearly defined and is rarely based upon patient input.  
 
Consider an example. Suppose a cancer drug for patients with liver cancer allows a patient to live an average of 18 
months compared to not using the drug.  However, as with most cancer drugs, there are potent side effects. Suppose 
that the analyst decides that the quality of life is only 40% of perfect health (giving a weight of 0.4). Then, the drug 
gives 1.5*0.4=0.6 QALYs to the patient. Suppose that at the initial introduction of this drug, it costs $1000 per month, 
or about $18,000 for the anticipated additional life of the patient. Then the cost per QALY is equal to 
18,000/0.6=$30,000 per year of life saved. According to the NICE organization, this drug then can become too costly 
regardless of the fact that there is no comparable drug that is effective in prolonging the patient’s life. However, 
suppose the analyst uses a measure of 60% of perfect health. Then the drug gives 1.5*0.6=0.9 QALYs to the patient 
at a cost of $20,000, which brings the amount closer to the pre-set value defined by NICE. Therefore, this definition of 
a scale of perfect health is of enormous importance. In fact, NICE has denied such a cancer drug because of its cost. 
 
If a person is otherwise young and healthy and a drug costs $10,000 per year, then the QALY is $10,000. However, if 
a patient is older and has a chronic condition, then that patient’s utility may be defined as exactly half that of a young 
and otherwise healthy person. In that case, the QALY is $20,000 for the same drug. If the patient is old and has two 
or more chronic conditions, then the patient’s utility could be defined as 25% that of a young and healthy person. In 
that case, the QALY IS $40,000 per year of life saved.  If the organization defines $30,000 as the upper limit for 
treatment, it is easy to see how the definition of a person’s utility can be used to deny care to the elderly. 
 
However, the cost of treating the disease is not restricted to the cost of medications. Therefore, we must look at all 
aspects of treatment, including physician visits, hospital care, and home health care. We must also look at the impact 
of patient compliance on the overall cost of healthcare. If patients have specific diseases that can be treated, but who 
do not use the treatment, then outcomes will not be the same compared to patients who do comply. Also, patients 
who switch treatments may suffer from adverse events of the first treatment that are not present in the second 
treatment. Therefore, we must examine the totality of patient care.  
 
METHOD 
Text mining is a variation on the field of data mining that tries to find interesting patterns from large databases. The 
patterns discovered provide information that can be extracted to derive summaries of the words contained in the 
documents, or to compute summaries for the documents based on the words contained in them. Hence, the 
investigator can analyze words or clusters of words used in documents, or to analyze entire documents to determine 
similarities or relationships between them, or how they are related to other variables of interest in the data-mining 
project. In the most general terms, text mining will “turn text into numbers”.  

There has been tremendous growth in the volume of online text documents available on the Internet, digital libraries, 
news sources, and company-wide intranet. These documents (with other unstructured data) will become the 
predominant data type stored online. The growing importance of online documents has led to a great interest in tools 
and approaches for dealing with unstructured or semi-structured information stored in the text documents. The 
possibilities for data mining from large text collections are virtually untapped. Text can provide very complex 
information, but it also encodes this information in a form that is difficult to decipher automatically. For this reason, 
there have been few statistical applications involving text mining to date, other than to use it to flag terms.  
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Generally, a document is converted into a row in a matrix. This row has a column for any word contained within the 
dataset of documents. The matrix value is equal to the number of times that the word occurs in the document. The 
matrix will consist mostly of zeros since the list of words is much longer than the list of documents. Therefore, the 
next step is to reduce the dimension of the matrix. This is done through the process of singular value decomposition 
(SVD).  This feature is extremely valuable for calls into customer service, for example, for chart notes, and to 
examine advertisements from the competition.  

There are variations to this general methodology depending upon what you want to discover.  For example, if you 
want to determine what documents contain a specific word for flagging purposes, this can be done through filtering. 
Otherwise, the SVD of an N x p matrix A having N documents and p terms is equal to A=UΣV where U and V are  
N x p and p x p orthogonal matrices respectively. U is the matrix of term vectors and V is the matrix of document 
vectors; Σ is a p x p diagonal matrix with diagonal entries d1 ≥ d2 ≥ …≥ dp ≥ 0, called the singular values of Σ. The 
truncated decomposition of A is when SVD calculates only the first K columns of U, Σ and V. SVD is the best least 
squares fit to A. Each column (or document) in A can be projected onto the first K columns of U. Similarly, each row 
(or term) in A can be projected onto the first K columns of V. The columns projection (document projection) of A is a 
method to represent each document by K distinct concepts. So, for any collection of documents, SVD forms a K 
dimensional subspace that is a best fit to describe data. 
 
The next step is to cluster the documents. Cluster analysis is used to form descriptive statistics to assess whether or 
not the data consist of a set of distinct subgroups; each subgroup representing objects with substantially different 
properties. Central to all of the goals of cluster analysis is the notion of the degree of similarity or dissimilarity 
between the individual objects being clustered. A clustering method attempts to group the objects based on the 
definition of similarity supplied to it. Clustering algorithms fall into three distinct types: combinatorial algorithms, 
mixture modeling and mode seeking. Text Miner has as its basis the Expectation Maximization Algorithm. The 
expectation maximization (EM) algorithm uses a different approach to clustering in two important ways:  

1. The EM clustering algorithm computes probabilities of cluster memberships based on one or more 
probability distributions. The goal of the clustering algorithm is to maximize the overall probability or 
likelihood of the data, given the final clusters.  

2. Unlike k-means clustering, the general EM algorithm can be applied to both continuous and categorical 
variables. 

The expectation-maximization algorithm is used to estimate the probability density of a given set of data.  EM is a 
statistical model that makes use of the finite Gaussian mixtures model and is a popular tool for simplifying difficult 
maximum likelihood problems. The algorithm is similar to the K-means procedure in that a set of parameters is re-
computed until a desired convergence value is achieved. The finite mixture model assumes all attributes to be 
independent random variables.  

INITIATING A PROJECT IN SAS ENTERPRISE MINER 
We first examine the initial screens in Enterprise Miner that are used to set up a text analysis project. The software 
component gives flexibility in terms of setup and storage so that you can identify the location of the project and the 
corresponding data sets. The software uses a java interface, allowing you to use point-and-click access once the 
project has been set up. Display 1 shows the beginning screen in SAS Enterprise Miner.   
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Display 1. Login Screen for SAS Enterprise Miner 

 

Display 2 gives the next screen so that you can indicate whether a new project will be started, or a previous project 
continued. For the first time, you should check for a new project.  

Display 2. Second Enterprise Miner Screen 

 

Once you choose new project, a default library is shown (Display 3). Use this default unless you have a good reason 
to change it. If only one server is available, the value will be grayed out and you will have to use the default server.  

Display 3. Default Library 

 

You need to give a name to the project (Display 4). A default location is given for storing the project. You can change 
the path, if necessary.  Also, you need to define a path to store the project. Just use a path to a directory on your hard 
drive. 
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Display 4. Project Name 

 

To complete the definition of a project, Displays 5 and 6 give summary information concerning that project. You can 
browse for a location. 

Display 5. Step 3 of Creating a Project 

 

Display 6. Summary of Information 

 

The next step to start a new project is to click on the Start-Up Code tab. You need to define a library name to store 
datasets for the project. Enterprise Miner does not automatically use the Sasuser library. You should probably define 
the SASUSER directory with a Libname statement in case you need to access files from this library that were defined 
by other SAS components. The code needed is given in Display 7.  
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Display 7. Start-Up Code 

 

Once this step is completed, the project screen is displayed (Display 8). There are slots available for datasets and 
diagrams; both must be created in order to develop a project. Right-clicking on Data Source will allow you to enter a 
dataset (Display 9).  

Display 8. Beginning Project Screen 

 

Once you click on data source, you will be prompted to create a data source for the project. 

 

 

Right‐click on Data 
Source 
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Display 9. Create Data Source 

 

A Data Source Wizard comes up to aid you in entering a dataset (Display 10). Just follow the steps to bring a dataset 
into the project.  

Display 10. Data Source Wizard 

 

The next screen allows you to browse for a SAS dataset stored on your harddrive (Display 11). The available SAS 
libraries are listed (Display 12).   

Display 11. Second Data Screen 

 

The Sampsio and Sashelp libraries are always available. Additional libraries were defined in the Start-up Code using 
the libname statement.  

Data Mining and Text AnalyticsSAS Global Forum 2011

 
 



8 

 

Display 12. Available Libraries 

 

Choose one of the libraries. If the library is not shown, or if the desired dataset does not appear in the library, use the 
refresh button. It should appear after that. If it does not, check the Start-up code to make certain that it was entered 
correctly. Display 13 shows the available datasets. The next screen (Display 14) shows some of the metadata; that is, 
information concerning the dataset. It gives the number of variables and the number of observations. The dataset 
from MEPS, HC-85A contains 317,065 observations.  

Display 13. Available Datasets in the MEPS library  

 

Display 14 allows you to compare the information in the metadata server to the information that you have concerning 
the data set.   
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Display 14. Metadata About the Data 

 

Display 15 gives the option of the basic or advanced displays concerning the data variables. We recommend that the 
advanced option is used. You can change any of the default roles or levels (Displays 16 and 17). The role is changed 
by clicking the mouse at the right location.  

This display gives some basic information about the dataset, including the number of variables, the number of 
observations, and the date the dataset was last modified. 

Display 15. Choice of Basic or Advanced 

 

You can choose Basic or Advanced. Advanced gives more choices for level (for example, ordinal) compared to basic. 
Level defines the type of variable. It can be nominal, ordinal, or interval, but also binary. 

Display 16. Information About the Variables in the Dataset 
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Display 17. Changing Variable Role 

 

There are roles that include sequence, target, and text. Sequence is sometimes needed to list entries in order. Target 
is for an outcome variable. Text can be used for nominal data; it must be used with the Text Miner node. Although 
Text Miner does not examine numbers by default, that default can be changed so that it will work with nominal data 
defined in terms of numbers. The next screen prompts you for the role of the dataset. The default role is raw. You can 
change the role when needed for other applications in Enterprise Miner.  

Once the needed datasets have been entered into the project, the next step is to define a diagram (Display 18). Right 
click on the diagram menu item. You will be prompted for a Diagram name (Display 19). You can have multiple 
diagrams for a project just as you can multiple data sets available to set up in any one diagram. 

Display 18. Create Diagram 

 

Display 19. Diagram Name 

 

Once the diagram is named, a diagram window is opened on the right side of this menu. In the diagram, you drag-
and-drop icons from the menu at the top of the Enterprise Miner screen. Once the diagram is created, you can drag 
and drop the data set into the diagram along with the Text Miner icon. Then use the mouse to connect the two icons. 
Click on the Text Miner node to highlight it. When highlighted, the defaults for the icon are listed on the left-hand side 
of the display. We want to look at the defaults for Text Miner (Display 20).  
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Display 20. Defaults in Text Miner 

 

Usually, we find that it is better not to use different parts of speech. It is also helpful to set up a start list eliminating 
unnecessary terms, and to identify some synonyms that have essentially the same meaning that you want to keep is 
equivalent.  

RESULTS 
We give the results of two analyses involving sentiment. The first has to do with a survey of open-ended questions 
related to the quality of life while the second study was performed on a collection of comments and messages related 
to the use of a potent medication with very severe side effects. In both studies, we use SAS Text Miner to analyze 
results. 

Definition of Health and Quality of Life 
For the first study, we requested that 85 nursing students define the terms, health, perfect health, and quality of life. 
We entered these definitions into a SAS dataset and then used SAS Text Miner. It is possible to ask different players 
(providers, payers, patients, and government officials) to define these terms in a similar fashion to compare clusters 
of results, and to see if the terms are regarded in a similar fashion, or if different players define the terms differently. 
Table 1 shows the resulting clusters from Text Miner for the definitions of perfect health. 
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Table 1. Clusters of Definitions for the Term, Perfect Health 

 

In two of the five clusters, the emphasis is on the absence of disease; in another two clusters, the emphasis is on a 
good mental condition with the last cluster focused on diet. Other players could very well cluster differently to focus 
on relationships rather than function. Table 2 gives the clusters for the definition of quality of life. 

Table 2. Clusters of Definitions for the Term, Quality of Life 

 

Two of the clusters concentrate on being happy and enjoying life. While physical ability is important, it is combined 
with emotional ability in those clusters. One of the clusters with just 3 members concentrates on the absence of 
disease and the ability to lead an independent, healthy life. Table 3 gives the clusters for the term, health. 

Table 3. Clusters of Definitions for the Term, Health 

 

As it turns out, the concept of health and that of perfect health are defined in very similar fashions. The nursing 
students were unable to really distinguish between the two terms. Another feature of SAS Text Miner is to use the 
visualization of concept links to see how terms are linked in these short definitions. Figure 1 shows the terms related 
to perfect health. 
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Figure 1. Terms Related to Perfect Health 

 

Note that the terms most related to perfect health are to lifestyle habits involving eating, exercise, and weight. Figure 
2 shows the concepts related to life. 

Figure 2. Terms Related to Life 
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The links are related to the ability to perform tasks. Similarly, the words linked to health include the concept of perfect 
health, which again shows that it is difficult to distinguish between the definitions of health and perfect health.  

Figure 3. Terms Related to Health 

 

Sentiment Regarding Side Effects of Medications 
In this study, we used a total of 70 messages related to the use of the drug, Neulasta. The drug has very potent side 
effects (listed at http://www.rxlist.com/neulasta-drug.htm). They include severe bone and muscle pain and the 
possibility of a ruptured spleen. The purpose of the medication is to grow white cells in cancer patients who have had 
white cells depleted because of chemotherapy treatments in order to prevent infections.  

The messages were written by patients, or by caregivers of patients regarding their personal experiences. The 
messages are relatively short, but are related to quality of life. Interestingly, only two of the messages contained the 
word, "stop", indicating that most patients thought that the medication was worthwhile in spite of the problem of pain. 
As before, we first examine the clusters to see the most important terms involved in each group (Table 4). 

Table 4. Clusters of Messages Regarding Neulasta 
Cluster 
# Description Frequency Percentage Label 

1 
+ injection, + agree, + side effect, severe, side, + hurt, but, + drug, 
+ effect, only, down, + experience, chemo, + good, + round, + 
make, with, + do, + day, in 

34 0.4927 Severe pain 

2 
bring, case, + week, up, + keep, same, + receive, back, during, 
much, + leg, little, blood, ever, + would, body, + count, + shot, + 
give, as 

7 0.1014 Back pain 

3 
+ eat, before, + call, walk, no, into, + hour, + come, + doctor, when, 
chemo, + treatment, + bad, + start, + help, now, + give, + time, with, 
can 

25 0.3623 Moderate 
effects 

4 
place, + cell, white, even, may, out, + make, + want, + know, + 
drug, can, up, + week, + would, + do, + count, + feel, + give, like, + 
have 

2 0.02898 Reason for 
injection 
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Cluster 
# Description Frequency Percentage Label 

5 + week, + bone, + not, + have 1 0.01449 Bone pain 
 

Note that we have added tentative labels to each of the clusters. Labels are extremely useful when attempting to 
identify the most important relations in the clusters. Almost half of the messages are in cluster 1, which is 
characterized by the term, "severe". Another 36% indicate moderate pain. These messages give a strong sentiment 
that those who face difficult alternatives opt in favor of treatment. Table 5 is filtered to those messages that contain 
the word, "pain".  

Table 5. Messages From Table 4 Restricted to "Pain" 

1 + injection, + agree, + side effect, severe, side, + hurt, but, + drug, + effect, only, down, + experience, 
chemo, + good, + round, + make, with, + do, + day, in 15 0.4634 

2 bring, case, + week, up, + keep, same, + receive, back, during, much, + leg, little, blood, ever, + 
would, body, + count, + shot, + give, as 5 0.1219 

3 + eat, before, + call, walk, no, into, + hour, + come, + doctor, when, chemo, + treatment, + bad, + start, 
+ help, now, + give, + time, with, can 16 0.3902 

4 place, + cell, white, even, may, out, + make, + want, + know, + drug, can, up, + week, + would, + do, + 
count, + feel, + give, like, + have 0 0 

5 + week, + bone, + not, + have 1 0.02439
 

More than half of the original messages contain the word, pain. Of that number, most (85%) are in cluster 1, 
indicating severe pain and in cluster 3, indicating moderate pain. We again look at concept links to see how words 
are connected in the messages. Figure 4 gives the words connected to pain. It indicates that the pain can cause 
discomfort, or that it can be severe. These connections are quite similar to the different levels of pain identified in 
clusters 1 and 3.  

Figure 4. Words Connected to Pain 

 

Figure 5 gives an expanded link to see what is connected to both pain and discomfort.  

Pain 

Severe 

Bone Pain 

Discomfort 
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Figure 5. Expanded Links to Pain and Discomfort 

 
 
Two of the terms relate to encouragement to continue in treatment, likely because the pain will stop once treatment 
with the drug is discontinued. Figure 6 examines links to the term, horrible, which indicates a severity that is greater 
than just discomfort. It indicates that horrible is connected to back and back pain, both of which indicate that the 
severity is in the back.  
 
Figure 6. Links to Term, Horrible 

 
 
DISCUSSION 
SAS Text Miner allows us to investigate the sentiment related to specific, important, but vague concepts that can lead 
to important results concerning comparative effectiveness analysis. We can look at clusters, which can identify some 
sentiments, or we can look at some specific terms that indicate sentiment and see how they are related to other terms 
in the document. Sentiment mining is particularly useful when identifying terms that relate to a patient's quality of life, 
and how patients try to cope with disease and with treatments that can affect that quality of life. Since comparative 
effectiveness analysis uses quality of life to define the adjusted cost of treatment, we need to move beyond just a 
simple definition of function to look at all aspects of quality. Moreover, we need to investigate how different 

Pain

Evil
Bless

Hang in there 

Discomfort

Horrible

Back 

Back pain 
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participants in healthcare examine quality of life: insurers, physicians, hospitals, and patients. If there are differences 
in the definition of quality, it is extremely important to include the patient's perspective on quality in any comparative 
analysis.   
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