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ABSTRACT
In the past decade, remarkable progress has been made in developing data mining
techniques limited to analyzing quantitative data along with text mining techniques
limited to analyzing qualitative data. However, there has been limited effort in
developing techniques that can handle combined qualitative and quantitative data. The
hypothesis of this research is that the analysis of combined qualitative and quantitative
data would result in richer information by uncovering new insights which may otherwise
have been neglected.
The key contributions from this work are:
1.) A Methodology for Combined Analysis: A methodology to combine
qualitative and quantitative data is proposed
2.) Information-Theoretic Metrics: Information theoretic metrics to measure
the value of combining qualitative and quantitative data is proposed
3.) Information Description Framework: A novel representation for unifying
combined qualitative and quantitative data, a conceptual model, and
information from the combined analysis is developed.
4.) Case Studies: The successful application of the current research to two real
world case studies from diverse domains is presented.
The proposed information theoretic metrics which measure the value of combined
analysis are adapted from information theory. Specifically, the concept of information
gain is utilized to capture the expected reduction in uncertainty by combining qualitative
and quantitative data, the concept of mutual information is utilized to capture the
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concurrence of qualitative data with quantitative data, and the concept of conditional
entropy is utilized to capture the reduction in conditional uncertainty, which measures the
benefit derived by individual qualitative or quantitative data in a combined analysis.
“IDF” is a representation for combined qualitative and quantitative data, a
conceptual model, and the information from combined analysis. IDF enables a way to
share results obtained from various statistical analysis and data mining techniques in a
seamless way among analysts. Semantic Bayesian Networks is an instance of IDF that
was developed to represent information from a combined analysis using Bayesian
Networks to model quantitative data and vector space models for qualitative data.
In the methodology for combined analysis, “Information Extraction” techniques
are used to convert text into structured data by extracting useful patterns. This research
only deals with text specific to a domain and thereby takes advantage of the rich
terminology and practices in defining patterns. “Vector Space Modeling”—a text mining
technique—is used to analyze information from structured textual data.
The application of the current research to two case studies is presented. The first
case study is a customer survey in a restaurant chain to improve the “quality of service”.
This case study is used to demonstrate the concepts of combined analysis and information
theoretic metrics. The second case study involves monitoring the implementation quality
of preventive mental health programs in schools. In this case study, different ways are
identified to assist researchers and school administrators to automate some of their Social
and Emotional Programs (SEL) to improve productivity maintaining quality of
implementation. In addition, in this case study, a software system was developed to
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capture combined qualitative and quantitative data in a more unified manner. This second
case study demonstrates the successful application of the proposed combined analysis
methodology, information description framework, and vector space models.
Specifically, the results from the case studies demonstrate a 20% information gain
the identification of missing variables, triangulated research methods to enhance
confidence, and the provision of feedback to improve the quantitative questionnaire.. The
current research work can find applications in various domains such as in the service
industry, manufacturing quality, market research, financial markets, sports, and
entertainment where qualitative and quantitative data is currently independently analyzed.
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CHAPTER 1
Introduction
1.1 Background
One of the most common distinctions drawn among data collection methods is
between those that are qualitative and those that are quantitative. Quantitative methods
were originally developed in the natural sciences to study natural phenomena [1].
Examples of quantitative methods include survey research, laboratory experiments,
econometrics, and numerical methods such as mathematical modeling. Qualitative
methods were developed in social sciences to enable researchers to study social and
cultural phenomena. Examples of qualitative methods are action research, case study
research, and ethnography. Even though the advantages of combining qualitative and
quantitative methods were well documented in the past [2, 3, 4], most researchers
followed either qualitative or quantitative methodologies due to several limitations in
implementation and analysis. However, the inevitable organizational, political, and
interpersonal needs in data collection mandate the combined use of qualitative and
quantitative methods [5, 6]. Recently there have been several examples in the social
sciences, financial markets, service industries, and the manufacturing quality, medicine
and pharmaceutical, market research, sports, and entertainment fields wherein combined
qualitative and quantitative data collection methodologies have been used. Mostly, these
are examples in which data is collected to evaluate human perceptions and this prompts
the collection of both qualitative and quantitative data. One such example is National
Football League (NFL) draft, in which a scout’s perception of a player is collected
quantitatively from the player’s performance on physical tests such as 40 yard dash,

2
broad jump and qualitatively from the player’s game-time videos. There are several other
examples such as supplier non conformance ratings from manufacturing, customer
feedback from market research where both qualitative and quantitative data is collected.
however, there are hardly any techniques in scientific literature that combine and analyze
qualitative and quantitative data. The hypothesis in this research is that analyzing unified
qualitative and quantitative data would provide richer information. It can capture a more
complete model of the units under study and may uncover some unique inferences which
may otherwise have been neglected by individual methods. In this research it is believed
that qualitative methods, in particular, can play a prominent role by eliciting data and
suggesting some patterns that may not have been observed in quantitative data alone.
Toward these ends, in this research the needs and benefits for combining
qualitative and quantitative data for analysis is discussed. This chapter presents relevant
literature, identifies the challenges, and gives an overview of the methodology and
contributions from this research. Relevant to this work, three fields of interest to review
in the literature are identified. They are.
1. Combining qualitative and quantitative data,
2. “Data mining” for analyzing quantitative data,
3. “Information extraction” for analyzing qualitative data.
The following sections provide the current state of the knowledge in these fields.
1.2 Combining qualitative and quantitative data
A thorough analytic review of theoretical and research studies on combining
qualitative and quantitative data revealed five important outcomes:

Triangulation,
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Complementation, Development, Initiation, and Expansion. In the following section each
of the outcomes are elaborated, quoting relevant references, and are further summarized
in Table-1.1.
Table 1.1: Theoretical sources in combining qualitative and quantitative data
Outcome
Triangulation

seeks

Key Theoretical Sources
convergence,

corroboration, Shotland

correspondence of results from the different methods.

&

Campbell

Mark

&

[10];

Fiske

[5];

Denzin [6]; Cook [7]; Webb
et al [8]
Complementation seeks elaboration, enhancement Greene & McClintock [9];
illustration, clarification of the results from one Mark
method with the results from the other method.

&

Shotland

[2]

Rossman & Wilson [11];

Development seeks to use the results from one method Madey [3]; Sieber [12]
to help develop or inform the other method, where
development is broadly construed to include sampling
and

implementation,

as

well

as

measurement

decisions.
Initiation seeks the discovery of paradox and Kidder & Fine [13]; Rossman
contradiction, new perspectives of frameworks, the & Wilson [11];
recasting of questions or results from one method with
Questions or results from the other method.
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Expansion seeks to extend the breadth and range of Madey [3]; Mark & Shotland
inquiry by using different methods for different [10]; Sieber [12]
enquiry components.
1.2.1 Triangulation
A data collection methodology with triangulation intent seeks corroboration correspondence of results from the different methods. For example, the use of both a
qualitative interview and a quantitative questionnaire to assess program participants'
educational aspirations illustrates triangulation intent. Variations within this triangulation
purpose include Campbell and Fiske's [5] “convergent validity”, and Mark and Shotland's
[10] idea of “bracketing”.
1.2.2 Complementation
In a complementation data collection methodology, qualitative and quantitative
methods are used to measure overlapping but also different facets of a phenomenon,
yielding an enriched, elaborated understanding of that phenomenon. This differs from the
triangulation intent in that the logic of convergence requires that the different methods
assess the same conceptual phenomenon. For example, the complementation intent can
be illustrated by the use of a qualitative interview to measure the nature and level of
program participants' educational aspirations, as well as influences on these aspirations,
combined with a quantitative questionnaire to measure the nature, level, and perceived
ranking within peer group of participants' educational aspirations. The two measures in
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this example are assessing similar, as well as different, aspects of the aspirations
phenomenon.
1.2.3 Development
Sieber and Madey, for sociological and evaluation contexts respectively, provide
many creative examples of data collection methodologies for development purposes. All
involve the sequential use of qualitative and quantitative methods, where the first method
is used to help inform the development of the second. For example, a quantitative survey
of program participants' educational aspirations could be used to identify a purposive
sample for more in-depth interviews about these aspirations.
1.2.4 Initiation
For a given data collection methodology, initiation as the discovery of paradox
and fresh perspectives may well emerge rather than constitute a planned intent. However,
in complex studies, as well as across studies, both consistencies and discrepancies in
qualitative, compared with quantitative, findings can be intentionally analyzed for fresh
insights invoked by means of contradiction and paradox.
1.2.5 Expansion
A data collection methodology with expansion intent is a "multitask" study in
Cook's framework or a study that aims for scope and breadth by including multiple
components. In evaluation contexts, this outcome is commonly illustrated by the use of
qualitative methods to assess program process and by quantitative methods to assess
program outcomes.
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1.3 Data Mining
Data mining, as defined by Fayyad et al. [14], is the non-trivial process of
identifying valid, novel, potentially useful, and ultimately understandable patterns in data.
This process encompasses several steps. According to Frawley et al. [15] these
are:
1. Problem statement and hypothesis formulation
2. Data collection
3. Data pre-processing
4. Model selection and estimation
5. Model interpretation
The focus of this work is on steps 3 and 4. Data pre-processing includes all those
mechanisms used to improve data quality. Model estimation is the application of
computational methods for building models from data. The next two sections describe
data pre-processing and model estimation in greater detail.
1.3.1 Data Preprocessing
In realistic databases, data is not free from errors or inaccuracies, which can be
due to accidental or intentional distortion. The pre-processing step is used to improve the
quality of data. Several methods can be used to help in this task. Some of them are:
Simple transformations: Transformations that do not need a major analysis of data
and can be applied considering a single value at a time. These transformations include
outlier detection and removal, scaling, data re-coding, etc.
Cleansing and scrubbing: Transformations of moderate complexity, e.g., those
involving name and address formatting.
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Integration: This is applied to process data coming from various sources.
Integration techniques are especially relevant for data mining in heterogeneous databases.
1.3.2 Model selection and estimation
There is a large collection of data mining methods available from the literature.
Based on the problem statement and hypothesis the selection of a specific data mining
method is made. A common classification, of data mining methods that help in the
selection process, is to choose from two groups, one of them corresponding to supervised
learning methods and the other to unsupervised learning methods.
1.3.3 Supervised learning methods
If for one of the variables, a functional model is to be built that relates this
variable with the rest of variables, supervised learning methods are selected. Common
supervised methods are classification techniques such as decision trees, regression,
moving averages and case-based reasoning techniques [16].
1.3.4 Unsupervised learning
If some knowledge about the variables in the database is to be extracted from the
data, unsupervised learning methods are chosen. Unlike supervised learning, there is no
distinguished variable being modeled; instead, relationships between variables are of
interest. Common unsupervised learning methods include clustering and association
rules; the literature often includes in this group other statistical algorithms such as
principal components and dimensionality reduction [16].
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1.4 Information Extraction and Text Mining
Traditional data mining assumes that the information to be “mined” is already in
the form of a database. But, for many applications, electronic information might be
available in the form of free text or a mix of text and numbers. Since Information
Extraction (IE) addresses the problem of transforming textual documents into a more
structured database, the database constructed by an IE module can be used with data
mining for further analysis. In [17], Hearst makes one of the first attempts to clearly
establish what constitutes text mining and distinguishes it from information retrieval and
data mining. In this highly cited paper, she metaphorically describes text mining as the
process of mining precious nuggets of ore from a mountain of otherwise worthless rock.
Further, Hearst distinguishes text mining with Information Extraction, stating that
information extraction deals with the extraction of facts about pre-specified entities,
events or relationships from unrestricted text sources. One can think of information
extraction as the creation of a structured representation of select information drawn from
text [18]. For example, tagging all the country names in a collection of text is an
information extraction task. There is no notion of novelty involved because only
information that is already present is extracted, and thus differs from text mining.
However, information extraction is directly involved in the text mining process. For
example, one approach to text mining from semi-structured documents on the web is to
use extraction techniques to convert documents into a collection of structured data and
then apply data mining techniques for analysis as shown in Figure 1.1
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Text Min ing
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T ext

Figure 1.1: Overview of Information Extraction.

1.5 Issues Addressed in this Research
In this research, the hypothesis is that information obtained from a combined
analysis of qualitative and quantitative data would reduce overall uncertainty. In this
research it is believed that a combined analysis would provide richer information by
uncovering new insights which may otherwise have been neglected by individual
methods.
1.5.1 Overall Methodology
Figure 1.2 presents an overview of the proposed methodology for combining
qualitative and quantitative data. Here, combined data collected from the provider is
processed and after a series of sequential steps from the methodology, an analyst is
presented with richer information. The details of individual steps in the methodology are:
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Figure 1.2: Overall Methodology.
1.) Data Collection: This step entails the development of a data collection
instrument to test the hypothesis in the conceptual model. Combined
qualitative and quantitative data is collected from the provider and stored as
raw data.
2.) Combined Analysis: Here, unstructured qualitative data is transformed to
structured data using information extraction techniques and then text mining
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techniques are used to perform analysis. On the quantitative side, after
preliminary data cleaning, data mining and statistical techniques are used to
perform the analysis.
3.) Information Description Framework: In this step, IDF, a representation of
combined qualitative and quantitative data, a conceptual model, and results
from a combined analysis is developed. IDF enables a way to share and
analyze results obtained from various statistical and data mining techniques in
a seamless way.
4.) Information Theoretic Metrics: Here, the value of combining qualitative and
quantitative data is measured in terms of information theoretic metrics.
Information gain is used to measure the change in uncertainty, mutual
information is used to measure triangulation, and conditional entropy is used
to measure complementation and paradox.
In summary, the key contributions from this work are:
1.) A Methodology for Combined Analysis: A methodology to combine
qualitative and quantitative data is proposed
2.) Information Theoretic Metrics: Information theoretic metrics to measure the
value of combining qualitative and quantitative data is proposed
3.) Information Description Framework: A novel representation for unifying
combined qualitative and quantitative data, a conceptual model, and
information from a combined analysis is developed.
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4.) Case Studies: The successful application of the current research to two realworld case studies from diverse domains is presented.
1.5.1 Thesis Organization
In the first chapter the existing literature is detailed. In the ensuing second chapter
metrics to measure the value of a combined analysis are proposed. These metrics are
adapted from information theory. Specifically, the concepts that are used in this research
are information gain to capture the expected reduction in uncertainty by combining
qualitative and quantitative data, the concept of mutual information to capture the
concurrence of qualitative data with quantitative data, and the concept of conditional
entropy to capture the reduction in conditional uncertainty which measures the benefit
derived by individual qualitative or quantitative data in a combined analysis. Finally, the
value of a combined analysis from a case study based on the aforementioned metrics is
presented.
In the third chapter, IDF, a novel representation for combined qualitative and
quantitative data, conceptual model, and information from combined analysis is
presented. IDF enables a way to share results obtained from various statistical analysis
and data mining techniques in a seamless way among analysts. Semantic Bayesian
Networks is an instance of IDF that was developed to represent information from a
combined analysis using Bayesian Networks to model quantitative data and vector space
models for qualitative data.
The most obvious approach for analyzing text in domain-specific documentation
is the ability to take advantage of terminology. In general, domain-specific
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documentation is driven by a conceptual model, i.e., the documentation would describe
specific concepts in the domain with conciseness, clarity, and specific structure with rich
terminology. Further, each of these concepts has a specific meaning and hence it is
believed that they can be represented by a vector of “keywords”. In chapter 4, given a
domain-specific documentation, the keywords associated with the concepts are identified.
A model for “Text Mining” of domain specific documentation based on “Vector Space
Modeling” is presented. Further, a case study, and results applying the proposed model in
analyzing text specific to a domain, is presented.
In chapter 5, a case study is presented where the theory and methods that have
been discussed so far in this thesis are applied. The case study deals with analyzing data
from a research study in Social and Emotional Learning (SEL). The background about
SEL and the need for a combined analysis of qualitative and quantitative data in this
domain is presented. The benefits and the value of new insights derived from a combined
analysis in terms of the proposed information theoretic metrics is demonstrated. The
terminology specific to SEL is used to automate building models from qualitative data. A
Semantic Bayesian Network (SBN) is developed and the results from the combined
analysis in terms of information theoretic metrics are presented.
In the final chapter, concluding remarks and future directions are presented.
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CHAPTER 2
Information Theoretic Metrics
2.1 Background
The inevitable organizational, political, and interpersonal needs in data collection
mandate the combined use of qualitative and quantitative data collection methods [69 and
71]. Combined analysis is the joint analysis of qualitative and quantitative data. In the
previous chapter, the benefits of combined analysis were discussed. The need to measure
the value of combined analysis and establish conditions for its success and limitations
was identified. Several possible outcomes of combining qualitative and quantitative data
pose challenges in measuring its value. The different outcomes in combining qualitative
and quantitative data is summarized in Table-1. If observed, a different outcome derives
value under opposing conditions; i.e., triangulation needs qualitative and quantitative data
to be convergent, whereas initiation and development need the data to be divergent.
Hence, it is difficult to capture the value of a combined analysis with a single metric.
Many researchers in the past have identified the advantages of combined analysis [1, 2, 3,
3, 4, 5, 6, 7, 8]. But there is hardly any literature that captures the value of combined
qualitative and quantitative data. In the current work, metrics to measure the value of
combined analysis from an information theoretic perspective are proposed. From this
perspective, it is observed that independent of the outcome, combining qualitative and
quantitative data results in newer information that leads to an increase or decrease in
uncertainty. From information theory, the expected increase or decrease in uncertainty
can be measured in terms of information gain. This measure would capture the overall
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impact of combining qualitative and quantitative data. The convergence of qualitative and
quantitative data could be measured in terms of mutual information and the value of new
perspectives obtained is measured in terms of conditional entropy. The concepts of
information theory would be elaborated and how these concepts can be used to measure
the value of combined analysis is presented. Finally, a case study and results based on the
aforementioned measures is presented.

Table 2.1: Outcome of combining qualitative and quantitative data
Outcome
Triangulation

Value
Convergence of qualitative and quantitative
data

Complementation and Expansion

Divergence of qualitative and quantitative
data

Initiation and Development

Paradox and contradiction of qualitative and
quantitative data

2.2 Information Theory
Information is the pattern in a quantity perceived by humans. It is gained by the
reduction of a priori uncertainty. Information theory is a conceptual tool developed to
measure information and uncertainty. The origins of information theory are in
communications [20]. It is based on probability and statistics. The important concepts in
information theory used in this work are information entropy, information gain,
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conditional entropy, and mutual information. In the following section the concepts of
information theory will be elaborated and how these concepts can be extended to the
context of measuring the value of information gained in combined analysis will be
presented.
2.2.1 Information Entropy
Information entropy is a measure of the uncertainty associated with a random
variable. Information entropy quantifies information from a data set. It can be defined as
the shortest average message length, in bits, that can be sent to communicate the true
value of the random variable to a recipient. Equivalently, it can be defined as a measure
of the average information content the recipient is missing when she does not know the
value of the random variable. The concept was introduced by Claude E. Shannon in his
1948 paper "A Mathematical Theory of Communication" [ 20]. Shannon’s entropy of a
discrete random variable X ∈{x1 , x 2 ...x n } is given by
H(X) = E(I(X)) = -

∑ p(x ) * log p(x )
i

2

i

Eqn - 2.1

i =1 to n

Where I(X) is the information content associated with the outcome of a random
variable X and
p(xi) = p(X=xi) is the probability mass function of X.
2.2.2 Conditional Entropy
The conditional entropy, H(X|Y) is the amount of uncertainty in random variable
‘X’ explained by observing the value of random variable ‘Y’. The quantity, conditional
entropy itself is a measure of entropy and is defined on the range of random variable ‘Y’
given by:
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∑ p(y) * H(X | Y = y)

H(X | Y) =

y

= - ∑ p(y )∑ p(x | y ) * log 2 p(x | y )
y

x

= - ∑ p(x, y ) * log 2 p(x | y)
x, y

Eqn -2.2

2.2.3 Mutual Information
Mutual information of two random variables is a quantity that measures the
mutual dependence of the two variables. The mutual information of ‘X’ relative to ‘Y’ is
given by:
I(X; Y) = ∑ p(x, y) * log 2
x,y

p(x, y)
p(x) * p(y)

Eqn -2.3

A basic property of mutual information is that I(X;Y) = H(X) – H(X|Y). That is,
knowing Y, an average of I(X;Y) bits can be saved in encoding X compared to not
knowing Y. Further, mutual information is symmetric, i.e. I(X;Y) = I(Y;X). Mutual
information is closely related to the log-likelihood ratio test in the context of contingency
tables and the multinomial distribution and to Pearson's χ2 test. Mutual information can
be considered a statistic for assessing dependency and independence between a pair of
variables, and has a well-specified asymptotic distribution [20].

2.2.4 Information Gain
Information gain, IG(X;A), is the expected reduction or increase in entropy of a
random variable ‘X’, achieved when the probability distributions changes from p(x1) to
p(x2). Formally information gain is given by
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IG(X) = H(X1 ) - H(X 2 )
= ∑ p(x 1 ) * log 2 p(x 1 ) − ∑ p(x j ) * log 2 p(x j )
i

Eqn – 2.4

j

2.3 Information Theory to Measure the Value of Combined Analysis
One of the issues in measuring the value of combined analysis is due to the
multiple outcomes that are possible. Different outcomes derive value from combined
analysis under varying conditions. Hence, it is challenging to come up with a measure
that captures the value of combined analysis specific to a purpose. Another significant
issue in measuring the value of combined analysis is in exploratory research. In
exploratory research, the designs would have multiple purposes for data collection and a
combined analysis in this scenario would yield some inferences that are concurrent, some
inferences that are new, and some inferences that are paradoxical and contradictory g.
Hence with varying inferences it would be a challenge to measure the overall value. The
other challenging issue in combined analysis is due to the “noise” in data. If the data from
one of the research methods, qualitative or quantitative, is noisy, the overall inference
from combined analysis may corrupt inferences that may have been accurate from
independent analysis. Hence, a measure for the value of combined analysis should be
robust to noise data and should be able to predict conditions when a combined analysis is
beneficial and when it has limitations.
To summarize, the desirable attributes of the proposed measure are as follows:
•

It should be able to measure the value of combined analysis specific to an
outcome of combining qualitative and quantitative data

19
•

It should be able to measure the overall value of combined analysis from
all the outcomes of combining qualitative and quantitative data

•

It should be robust to the noise present in the data

•

It should be able to predict the conditions for the success and limitations
of combined analysis

In this research the value derived from combined analysis is viewed from an
information theoretic perspective and in the following sections measures that meet the
aforementioned requirements are proposed.

2.3.1 Information Gain to Measure the Value of Combined Analysis
Information entropy is a measure of the uncertainty associated in a system and
Information Gain or IG is the expected reduction or increase in entropy of a system S.
Now consider S is a system under investigation, ni is the quantitative variable and ci is the
combined variable, information gain is given by Eqn 4.5

IG(S) = -

∑ p(n ) * log
i

i =1 to n

2

p(n i ) -

∑ p(c ) * log
i

2

p(c i )

i =1 to m

Eqn - 4. 5

2.3.2 Mutual Information to Measure the Convergence and Divergence in Data
Mutual information is a measure of the mutual dependence between two
quantities. Here, mutual information is used to measure the convergence or divergence of
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quantitative data with qualitative data. The measure of convergence from mutual
information would estimate the value of triangulation achieved. Now, if N and T
represent the set of quantitative and qualitative variables with ni and tj representing the
respective individual variables, the concurrency of qualitative data with quantitative data
is given by mutual information I(N|T), which can be expanded from Eqn -4.6 as
Eqn - 4. 6

2.3.3 Conditional Entropy to measure the value derived by individual research
methods
The conditional entropy, H(X|Y) is the amount of uncertainty in random variable
X explained by observing the value of random variable Y. Here, the amount of
uncertainty in quantitative data explained by the qualitative data in combined analysis is
measured. This measure characterizes the value of complementation and expansion
possible by the combined analysis. Now, if N and T represent the set of quantitative and
qualitative variables with ni and tj representing the respective individual variables, the
uncertainty reduced in quantitative data from combining with qualitative data is given by
H(N | T) = - ∑ p(n i , t j ) * log 2 p(n i | t j )
i, j

Eqn - 4.7

2.4 Conditions for Overall Success/Failure of Combined Analysis
In the previous sections the use of information gain to measure the overall value
of combined analysis and the concepts of mutual information and conditional entropy to
measure the value of combined analysis specific to a purpose were presented. The other
requirement that was identified earlier was the ability to predict the success and limitation
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conditions for combined analysis. One obvious measure from the previous discussion
would be to monitor the value of information gain. If this value is positive, it implies that
there is a reduction in uncertainty due to a combined analysis and hence it is beneficial. If
the information gain is negative, there is an increase in uncertainty and hence there are
some limitations in a combined analysis. But on close observation, this statistic would not
be sufficient to conclude the overall success or limitation of a combined analysis. For
example, in the case where the information gain is negative, a combined analysis could
still be beneficial in identifying the contradictions and paradoxes which are needed for
the purpose of the development of existing, and initiation of new, designs. In the same
light, in the case where information gain is positive, the combined analysis is not always
guaranteed to be beneficial. Hence, by observing the values of information gain, mutual
information, and conditional entropy together, the conditions for the success of a
combined analysis have been established Figure 2.1 shows the flowchart of these
conditions. This flowchart is elaborated upon in the following section.
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Information Gain (IG)

IG < -0.2

Conditional
Entropy (CE)

CE < 0
Incunclusive

CE > 0
Conclusive
Paradox

-0.2 < IG < 0.2

Mutual
Information (MI)

MI < 0
Incunclusive

MI > 0
Conclusive
Triangulation

IG > 0.2

Conditional
Entropy (CE)

CE < 0
Incunclusive

CE > 0
Complement
`
-ation

Figure 2.1: Conditions for Success of Combined Analysis
Three conditions for the success of a combined analysis subjective to the values
of information gain (IG) have been established. These conditions are when information
gain is significantly negative (IG < -0.2), closer to zero (-0.2 < IG < 0.2), and
significantly positive (IG > 0.2). The specific values for these categories are taken [21]
from their work on decision tree pruning and variable selection using information gain
and minimum description length. Based on these categories the conditions identified for
the success of a combined analysis are as follows
The condition where information gain is close to zero is when neither a significant
increase nor a significant decrease is noticed in uncertainty after combined analysis. One
of the states that would result in this condition is when one research method concurs
mostly with the other and hence has no additional information to offer, as shown in
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Figure 2.2. This condition conclusively identifies triangulation between the research
methods. Hence, when the information gain falls under the limits of -0.2 < IG < 0.2, and
if the mutual information between the research methods is significantly positive and is
closely equal to information entropy of one of the research methods, it is conclusive
evidence that triangulation has been identified. In the case that the mutual information is
not positive or not equal to the information entropy of other research method, a combined
analysis is inconclusive.
If -0.2 < IG < 0.2 AND I(N;T) ≈ H(N) → Triangulation
If -0.2 < IG < 0.2 AND I(N;T) < 0 → Inconclusive

U

I1
I2

Figure 2.2: Conditions for Triangulation

The condition where information gain is significantly positive is when a
considerable decrease in uncertainty is noticed after a combined analysis. One of the
states that would result in this condition is when one research method complements the
other and provides additional information, as shown in Figure 3. This condition
conclusively identifies complementation between the research methods. Hence, when the
information gain, IG > 0.2, and if the conditional entropy, is significantly positive, it is
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conclusive evidence that complementation has been identified. In the case where
conditional entropy is negative, combined analysis is inconclusive.
If IG > 0.2 AND CE(N|T) > 0 → Complementation
If IG > 0.2 AND CE(N|T) < 0 → Inconclusive

I1

I2

U

Figure 2.3: Condition for Complementation
The condition where information gain is significantly negative is when a
considerable increase in uncertainty is noticed after a combined analysis. One of the
states that would result in this condition is when there is a paradox identified in a
combined analysis. Hence, when the information gain is significantly negative, IG < 0.2,
and if the conditional entropy is significantly positive CE > 0, it is conclusive evidence
to have identified a paradox among the research methods. In the case where conditional
entropy is negative, CE < 0, a combined analysis is inconclusive.
If IG < -0.2 AND CE(N|T) > 0 → Paradox
If IG < -0.2 AND CE(N|T) < 0 → Inconclusive
To summarize, metrics that would measure the value of a combined analysis were
proposed. Based on these metrics, the success of a combined analysis can be measured
specific to an outcome. Further, these metrics can be inconclusive in identifying the
success of a combined analysis. Some of the reasons for being inconclusive are due to the
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presence of noise in the data, the lack of additional information from one of the research
methods, or limited data availability. In the following section a case study is presented to
demonstrate the application of the above proposed metrics.

2.5 Case Study

Appearance
(AP)
Taste
(TA)
Overall
Liking (OL)
Texture
(TE)
Temperature
(TP)

Conceptual model for Sandwich
Tasting Example
Figure 2.4: Conceptual model for consumer survey case study

The current case study pertains to research conducted to test the factors that
influence the like or dislike of the sandwiches served in a fast food restaurant. The
objective of the research was to use the identified factors for improving the overall
quality of service of the restaurant. Figure 2.4 shows the conceptual model as perceived
by the researchers for liking a sandwich. The factors hypothesized to influence the overall
liking of the sandwich are Appearance (AP), Taste (TA), Texture (TE), and Temperature
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(TP). The factors are common to all the sandwiches being tasted. The survey
questionnaire for this research is as shown in Figure-5. Due to the fact that here is at least
one quantitative method designed to collect numbers (questions 1-10) and one qualitative
method designed to collect words (question 11), this study qualifies to be a mixed method
design. This mixed method design falls under the realm of Complementation because the
objective of the text area corresponding to the qualitative question is to seek elaboration,
enhancement illustration, and clarification of the results obtained from the quantitative
questions. The data for this particular research study was obtained by choosing 200
respondents to taste the sandwiches. The conditions were kept constant for all the
respondents and hence each respondent can be considered as a replication in the study.
The initial analysis conducted by the researchers followed

traditional lines and

considered the quantitative and qualitative data independently in their analysis. They
presented the significance of each quantitative factor in estimating the overall linking of
the sandwich and from the qualitative data they presented a summary of the comments.
The summaries from qualitative data were not related, and do not qualify, the quantitative
results. In the following section the findings from this case study are summarized.

2.5.1 Analysis
The initial step in analysis is to convert the unstructured qualitative data to
structured data for analysis. For this purpose, a code book was created based on the
responses. With the code book available, the qualitative data was transformed into
structured data without losing the relation with the corresponding quantitative responses.
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The transformed data was then used for the combined analysis of qualitative and
quantitative data. The following are the results from the analysis.
Due to the fact that the qualitative response was not mandatory, the relationship
between the quantitative rating and qualitative response was observed. Figure 2.6 shows
the percentage of respondents that gave qualitative response to their cumulative
quantitative rating. Here, a higher quantitative rating corresponds to a better response to
the sandwich. It can be clearly seen from the figure that the respondents with lowest
quantitative ratings are more likely to give a qualitative response than respondents with
higher quantitative ratings. This drives home the point that the respondents who least
liked the sandwich would provide a qualitative response and most likely would qualify
the reason for giving a lesser rating. It is to be noted that this finding was only possible
because the quantitative and qualitative data was analyzed together.
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Please rate this breakfast item on the following attributes:
Appearance
Dislike
extremely

Dislike
moderately

Neither like
nor dislike

Like
moderately

Like
extremely

Dislike
moderately

Neither like
nor dislike

Like
moderately

Like
extremely

Dislike
moderately

Neither like
nor dislike

Like
moderately

Like
extremely

Dislike
moderately

Neither like
nor dislike

Like
moderately

Like
extremely

Dislike
moderately

Neither like
nor dislike

Like
moderately

Like
extremely

Texture
Dislike
extremely

Taste
Dislike
extremely

Temperature
Dislike
extremely

Overall Liking
Dislike
extremely

Question # 7.
Would you like to see this item offered on Breakfast Menu?
 Yes
 No
Question # 8.
Would you purchase this breakfast item INSTEAD of your typical breakfast if it were priced under $1.99?
 Yes
 No
Question # 9.
How far would you be willing to travel to get this particular breakfast item?
 Walking distance
 5 minute drive

Figure 2.5: Survey Questionnaire for the case study
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Further analysis of qualitative responses for low quantitative ratings is presented
in Figure 2.7 as a Pareto chart. It can be observed that the most frequent qualitative
response corresponded to a factor called “Size”, suggesting the sandwich was too small
for their liking. In fact, size was not a pre-identified construct in the conceptual model.
Hence, from this analysis a missing construct was identified in the conceptual model.
Figure 2.8 shows the distribution of qualitative responses among various factors.
It indicates that the responses correspond to the constructs that were not part of the
conceptual model. This finding suggests that by analyzing quantitative and qualitative
data together, the overall survey can be improved by including questions that were
missed in previous versions of the survey.

Figure 2.6: Graph between cumulative percentages of qualitative respondents vs
cumulative quantitative rating for first case study
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Figure 2.7: Pareto chart of qualitative responses for first case study
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Qualitative Responses
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Figure 2.8: Distribution of qualitative response for first case study

2.5.2 Overall Value of Combined Analysis
In the current research study, the response variable under investigation is “Overall
Liking”. To measure the overall value of combined analysis, the information gained by
the response variable was measured. From quantitative data, the ratio of respondents that
liked to that

who disliked the sandwich is 143:57. The information entropy of

quantitative data is
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H(X) = E(I(X)) = -

∑ p(x ) * log p(x )
i

2

i

i =1 to n

=-

143
 143  57
 57 
* log 2 p
* log 2 p

200
 200  200
 200 

= 0.862175
After a combined analysis, the ratio changed to 134:68. The change was noticed
as some of the respondents who answered that they liked the sandwich have expressed
their dislike in their qualitative response. This sort of behavior is documented in literature
[22], and is attributed to the lack of strict definitions in quantitative scale. The
information entropy after combined analysis is

H(X) = E(I(X)) = -

∑ p(x ) * log p(x )
i

2

i

i =1 to n

=-

134
 134  68
 68 
* log 2 p
* log 2 p

200
 200  200
 200 

= 0.916278
Hence the information gain from a combined analysis is 0.862175- 0.916278 = -

0.0541. It can be noticed that there is a marginal information loss from the combined
analysis, suggesting a marginal increase in uncertainty. Based on the measures, this falls
under the category of information gain close to zero, -0.2 < IG < 0.2. Now, to compute
the mutual information shared by quantitative and combined analysis, the following is the
matrix of mutual responses of like and dislike from quantitative to combined analysis.

Table 2.2: Matrix for mutual information
Combined

Quant

Like
Dislike

Like

Dislike

133

9

1

47

33

I(Q1 ; Q 2 ) = ∑ p(q i , q j ) * log 2
i, j

p(q i , q j )
p(q i ) * p(q j )

 133 


200 
 133 

H(X) = ∑ 
 * log 2
143 57
i =1 to 4  200 
*
200 200
= 0.815472.
Resulting from the fact that the information gain is close to zero, and the mutual
information is significantly high and close to the information entropy of quantitative data,
this is conclusive evidence that the combined analysis led to triangulation of qualitative
and quantitative research methods. Further, this supports the finding in the previous
chapter that most of the respondents in qualitative responses were endorsing their
quantitative response, leading to triangulation. Here, the measure of the triangulation is
established.
Another finding that confirms this argument is the measure of conditional
entropy. The overall uncertainty explained by qualitative data in quantitative data is 0.0173, suggesting a very marginal increase in uncertainty. The actual value of
conditional entropy suggests that it follows the lead of information gain and no
inconsistency in the data has been observed. Further, the proximity of the value to zero
indicates no complementation being observed and confirms triangulation.

Measure of value specific to a purpose and variable:
The measures of “overall information gain” and “overall conditional entropy” are
limited to capturing the overall impact of the combined analysis. They fail to capture the
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value derived by specific variables in a combined analysis. For example, in the case study
analysis a missing variable “Size” was identified and better insights for the variable
“Taste” were provided. To measure the value of these specific instances, the information
gain derived by individual variables was computed. Important observations made from
this analysis are summarized as follows:
“Size” was not a quantitative variable and was noticed only by analyzing the
qualitative data. The information entropy of “size” from quantitative data is 1.00,
suggesting a maximum uncertainty. The information entropy from a combined analysis
which had six qualitative responses all indicating the size was small is 0.00. Hence, the
observed information gain is 1.00 and the conditional entropy is 1.00. Thus, with very
high information gain (IG>0.2) and high conditional entropy it confirms the case of
complementation for the variable “Size”. Further, one observation that can be generalized
independent of this analysis is that if a particular variable has significantly high
information gain (IG ≈ 1) and significantly high conditional entropy (CE ≈ 1) in a
combined analysis, it is an indication of a missing variable in the quantitative
questionnaire.
If IG ≈ 1 AND CE(N|T) ≈ 1 → Missing variable
“Taste” is a quantitative variable which had 155 respondents that liked the “taste”
of sandwich and 45 respondents that disliked the “taste”. The information entropy of
“taste” from quantitative data is 0.769193. With a combined analysis, 108 respondents
liked the sandwich and 92 people disliked it. The information entropy in this case is 0.
995378. Here, the information gain is -0.26185, suggesting a significant loss of
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information because of combined analysis. Even though the respondents expressed liking
the “taste” of the sandwich, qualitatively they have expressed its shortcomings. The
reason for this significant change can be attributed to the limitation of the scale in
quantitative questionnaire. Thus, overall there was a liking for the “taste” of the
sandwich, but the respondents were not able to find the right choices in quantitative
scales, to provide the response and hence used the qualitative data to provide this
feedback. In this case, the conditional entropy of quantitative data with respect to
qualitative data is 0.31476, which is significantly positive and confirms the identification
of a paradox. Thus, the paradox identified can be used to alert the researchers to re-design
the questionnaire.
The current case study was a controlled experiment with very limited noise in the
data. However, one of the intentions is to test how the proposed measures identify the
noise in the data. For this purpose, noisy inputs were used to test the measures. For
example, the variable “Appearance” had a close to zero information gain (-0.0142) and
had a positive mutual information (0.1216) suggesting triangulation. Noise was
introduced to make the information gain both positive and negative to study the behavior
of the measures. It is evident that when the qualitative data contradicts the quantitative
observations, as expected, the information gain became significantly negative (IG<-0.2),
and the conditional entropy was also negative, suggesting inconclusive evidence.
However, in this case, when the noise made the “information gain” significantly positive,
conditional entropy became positive, giving a false alarm in which a combined analysis
resulted in complementation. This can be explained further from the Venn diagram in
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figure 2.3. By introducing noise in qualitative data alone, the information gain was made
positive by increasing the number of data points in qualitative set. This resulted in an
increase in conditional entropy raising a false alarm. It is believed that use of
“information gain ratio” [23] instead of “information gain” would overcome the
limitation created by large datasets.
Another important factor that was studied using this case study is the effect of
binning on entropy estimation. It is to be noted that in estimating entropy, the continuous
variable would be discretized by binning. Here, the effect of bin size on the resulting
information gain was studied. It was observed that, irrespective of the bin size, the
direction of information gain remained the same. Further, if the binning intervals were
the same between qualitative and quantitative data, irrespective of the bin size the
information gain remained the same. This is because information gain is a relative
measure.
As set forth above, the various measures that were proposed have been studied.
The summary of these results is presented as follows.

Table 2.3: Summary of results from case study
Overall Value

Triangulation has been confirmed from the
overall value of combined analysis

Missing Variable and Complementation

Complementation of the research methods was
used to identify the missing variable “Size” and
the Conditions for a missing variable have been
established.

Paradox

Paradox in the variable “Taste” has been
identified

Noise

It was noticed that the measures are fairly robust
to noise. Limitation is noticed when noise leads to
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significantly large IG and CE values

2.6 Summary and Conclusions
In this chapter, metrics that can measure the value of combined analysis were
proposed. These metrics are based on information gain, mutual information, and

conditional entropy from information theory. The conditions to measure the overall
value—and value specific to an outcome—were proposed. A case study was presented
where an extensive study was completed to identify the cases of triangulation,
complementation, missing variables, and paradox based on the proposed measures. This
work raises an important issue: the need for a systematic representation for information
obtained from combined analysis. If the analysis was independent, the information
obtained from quantitative analysis is represented by standard statistical models such as
regression, decision trees, neural networks, and Bayesian networks. The qualitative data
is typically represented in terms of vector spaces models, frequencies, and other scoring
methods such as TF-IDF [19]. However, combined analysis brings forth a need for a new
representation. This representation for combined analysis should be able to take
advantage of existing models in both qualitative and quantitative data analysis. In the
following chapter we shall present a Semantic Bayesian Network representation that
combines qualitative and quantitative information. SBN consists of a Bayesian Network
with probabilistic information and a Semantic Network with information from qualitative
data.
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CHAPTER 3
Information Description Framework
3.1 Background
The previous chapter identified the need and demonstrated the benefits of
combined analysis. In a case study with combined analysis, missing concepts, qualitative
data that qualify quantitative data, and unique inferences were identified. These
observations were the result of combined analysis. The aforementioned work has raised
some important research issues; the key among them is the need for a systematic
representation of information obtained from combined analysis. If the analysis was
independent, the information obtained from quantitative analysis is represented by
standard statistical models such as regression, decision trees, neural networks, and
Bayesian networks. The qualitative data is typically represented in terms of vector spaces
models, frequencies, and other scoring methods such as TF-IDF [19]. However,
combined analysis brings forth a need for a new representation. The desired attributes
that are envisioned for a representation to model information from combined analysis are:
•

Ability to describe information: The result of any qualitative or
quantitative analysis is new information. The idea is to combine
qualitative and quantitative data by describing the information obtained
from analyzing them in one representation so that a unified inference is
possible. Hence, one of the desired attributes for the proposed
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representation is the ability to describe information obtained from
qualitative and quantitative analysis.
•

Extensible notation: With a multitude of analysis techniques for varying
data the proposed representation should be extendable.

•

Adhere to Standards: The representation needs to follow a standard to
avoid ambiguity and allow sharing across various participants and
software tools.

•

Support Automation: One of the research goals is to automate the overall
analysis and inference to use the proposed representation in decision
support. Hence, one the desired attributes for the proposed representation
is to support automation.

•

Complex Querying: The representation should support complex query
operations to allow the study of various relationships among the constructs
in the conceptual model.

•

Support Exploratory Studies: One of the prominent applications of
combining qualitative and quantitative data is in exploratory studies.
In exploratory studies, there would be limited known relationships and
possible multi-colinearity among the variables of choice. Further, parts of
the data might be missing Hence, the quantitative analysis part of the
representation should support these limitations.
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Therefore to achieve the desired attributes, an Information Description
Framework (IDF) representation was proposed for combined qualitative and quantitative
data, a conceptual model, and information from combined analysis. IDF enables a way to
share results obtained from various statistical analysis and data mining techniques in a
seamless way among analysts. IDF is an ontological extension of the predictive model
markup language (PMML) which includes qualitative constructs. In the following
sections of this chapter, the development of IDF and how it meets the aforementioned
desirable attributes is elaborated upon.

3.2 Need for Information Description Framework

IDF
OWL
PMML

DB

Rigidity in expression

Flexibility in expression

Figure 3.1: Various representations for qualitative and quantitative data

Figure-3.1 shows the different ways of representing data. The modes of
representation on the left side of the picture (paper, web pages, email) provide the highest
level of flexibility while the modes on the right hand side (numbers, databases,
spreadsheets) have a strict definition and are rigid in expression compared to the modes
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on the left side. XML, which stands in the middle, has a certain level of flexibility to
come up with new definitions for representation as well as providing rigidity to some
degree by enforcing constraints at the definition level. Currently, information from
qualitative and quantitative analysis exists as separate islands and there is no way to
represent or integrate these islands of information. It is believed that in these islands,
valuable business knowledge is buried and a representation to integrate this information
would bring in unique inferences that would be of great business value. Therefore, it is
here that we propose IDF that would be limited to describing structured information
especially obtained from qualitative and quantitative analysis. The proposed framework,
as shown in Figure 3.1, is an ontological extension of PMML [24].
PMML was developed by the Data Mining Group and is defined as “an XML
based language which provides a quick and easy way to define predictive models and
share models between applications”. A PMML representation provides a non-procedural
definition of fully trained or parameterized analytic models with sufficient information
for an application to deploy them. By parsing the PMML using an XML parser, the
application can determine the input and output from data mining models.. Overall,
PMML is a great way to describe the data and results from solely quantitative models.
But, the following limitations of PMML mandated the development of IDF:

3.2.1 Limitations of PMML
The desirable attributes for a representation that combines qualitative and
quantitative data were discussed earlier Adhering to these attributes, the limitations of
using PMML for representing the information from combined analysis are:
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•

Lack of Ability to describe Information PMML was designed to share
statistical analysis results between software applications. With the current
definitions it lacks the definitions to capture complex relationships
between concepts needed to describe information.

•

Limited to quantitative models PMML is limited to representing
quantitative analysis techniques—specifically data mining techniques and
some statistical techniques. With combined analysis it is essential to
represent qualitative data analysis techniques.

•

Lack of representation for conceptual model PMML was designed
specifically to share quantitative analysis results among statistical and data
mining software applications. The aim with the proposed framework is to
share inferences between analysts. Here, the hypothesis, the assumptions,
and the perceived relationship among the concepts are important to share
with the inferences. Hence, the representation of the conceptual model
with the analysis is a needed requirement.

•

Lack of Automation: XML with XSD provides a way to interpret a
representation unambiguously. But the limitation with this notation is the
flexibility XML offers in defining tags. Hence, RDF and OWL were
created to have a finite set of XML tags that have pre-defined definitions
and which are interpreted uniquely by all applications. Further, RDF and
OWL are extensions of XML and make the language machine-readable.
OWL is a superset of RDF. Hence, PMML—which is an XML based-
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language— suffers from the same limitation for automation and needs to
be described in OWL for automation.
Thus, with these limitations with PMML to meet the desired attributes for a new
representation for combined analysis, we proposed IDF. As mentioned earlier, IDF
inherits PMML classes and the relationships are described in OWL. In the following
sections, the construction of IDF from a conceptual model, the ontological definitions for
IDF and a specific instance of IDF that was developed for the customer survey case study
that was discussed in previous chapters are presented.

3.3 Construction of IDF

Expert Knowledge

Conceptual Models

Data Mining

IDF

Quantitative data

Qualitative data

Figure 3.2: Construction of IDF

IDF is an ontology that unifies the qualitative and quantitative information from a
domain. The proposed framework for the development of IDF is presented in Figure 3.2.
The first step is to start analyzing the conceptual model. The conceptual model represents
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the perceived relationship between the variables in a domain. In the proposed framework,
the variables and the relations from the conceptual model form the basis for the
construction of the nodes and dependency relationships in the conceptual model. This
brings a systematic approach that ensures that the expert knowledge buried in the
conceptual model is incorporated in the quantitative model. Then the analysis results
from the quantitative analysis, data mining or a statistical model are learnt. Once the
quantitative model is developed, the relations and probabilistic information so obtained
is described in ontology using the Web Ontology Language (OWL). The Bayesian
Network classes in SBN are inherited from the XML interchange format for Bayesian
Networks, XMLBIF. In SBN, we maintain the existing hierarchical and lateral relations
in Bayesian Networks such as variable-value and parent-child relations. Each node of the
Bayesian Network forms a higher level concept in SBN and the qualitative comments can
be attached at various levels of the Bayesian Network, such as model, groups, variables,
values of the variables, and the probabilistic dependency relations. Thus, by incorporating
the knowledge from the conceptual model, domain knowledge from experts, a description
of the Bayesian Network from quantitative data, and qualitative comments in one
representation, we unify the various sources of information available from a domain in
SBN.
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3.3.1 IDF Ontology

Figure 3.3: Class Diagram for IDF

The class diagram for the IDF ontology is shown in Figure -2. The diagram
consists of one umbrella class, IDF, under which the rest of the classes appear. Under
IDF, there are three different sets of classes. The first set is the network classes, which
consists of the classes corresponding to describing quantitative analysis. These classes are
Network, Variable, Outcome, Table, Table, Definition, Given, and For. These classes and
their relations are inherited from PMML. The second set of classes of Keyword and
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Weight enable the description of the qualitative models obtained from the qualitative
models. In the current version, IDF supports the description of the vector space models
with keyword weight obtained from TF-IDF. The third set of the classes are the universal
classes and are Name, and Property. These classes are general classes and can be shared
by the former two sets of classes. Further, there are pre-existing relationships between the
network classes and qualitative model classes; i.e., each concept in the quantitative model
being described using the network classes can be related to a Keyword associated with a
weight. It is here in these relationships that the desired combination of qualitative and
quantitative data is achieved.

3.4 Case study – Semantic Bayesian Networks
To demonstrate the construction of IDF, an instance of IDF was created for the
customer survey example discussed in the previous chapter. Here, we used Bayesian
Networks as the quantitative model and the vector space model with weights from TFIDF was used to describe the qualitative model. This specific instance of IDF is named
Semantic Bayesian Network (SBN). In the following sections the construction of SBN is
described in great detail.

3.4.1 Construction of SBN
A Bayesian Network represents a joint probability distribution over a set of
variables. The model consists of a directed graph and dependency models. For a
particular domain, the vertices of the graph represent the domain variables and the
directed edges describe the probabilistic dependency-independency relations among the
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variables. There is a dependency model for every vertex to describe its probabilistic
dependency on its parents. These dependency models can be probabilistic models defined
by a parametric family of distributions. If the variables are discrete, a common
dependency model is the multinomial model, which contains the conditional distribution
of the child variable conditioned on its parent.

Figure 3.4: Construction of SBN
SBN is an ontology that unifies the qualitative and quantitative information from
a domain. Our proposed framework for the development of SBN is presented in Figure
3.4. We start by analyzing the conceptual model. The conceptual model represents the
perceived relationship between the variables in a domain. In our framework, the variables
and the relations from the conceptual model form the basis for the construction of the
nodes and dependency relationships in the Bayesian Network. This brings a systematic
approach that ensures that the expert knowledge buried in the conceptual model is
incorporated in the Bayesian Network. We then learn the probability estimates for the
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Bayesian Network from the quantitative data sources. Here, we incorporate the expert
knowledge in terms of the prior probabilities. If available, the datasets from the past are
used to estimate the priors. Once the Bayesian Network is developed, we describe the
relations and probabilistic information in ontology using the Web Ontology language
(OWL). The Bayesian Network classes in SBN are inherited from the XML interchange
format for Bayesian Networks, PMML. In SBN, the existing hierarchical and lateral
relations in Bayesian Networks such as variable-value, parent-child relations are
maintained. Each node of the Bayesian Network forms a higher level concept in SBN and
the qualitative comments can be attached at various levels of the Bayesian Network—
such as model, groups, variables, values of the variables, and the probabilistic
dependency relations. Thus, by incorporating the knowledge from the conceptual model,
domain knowledge from experts, the description of the Bayesian Network from the
quantitative data, and qualitative comments in one representation, we unify the various
sources of information available from a domain in SBN.
As an example, Figure 3.5 shows the different stages in the construction of SBN
for the sandwich tasting example discussed in previous chapters. In detail, Figure 3.5A
shows the conceptual model. Assuming independence among the predictors, a Bayesian
Network, representing the causal relationship among the concepts in the conceptual
model, is shown in Figure 3.5B. A sample conditional probability table is presented in
Figure 3.6. Figure 3.5C is the semantic Bayesian network which combines the inferences
drawn from the Bayesian network and the inferences drawn from the qualitative analysis.
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Figure 3.5: Construction of Semantic Bayesian Network from Conceptual Model
Overall Liking

Dislike Ext Dislike Mod

Appearance

Dislike Ext
Dislike
Mod
Neither
Like nor
Dislike
Like Mod
Like Ext

Neither
Like nor
Dislike

Like Mod

Like Ext

0.32

0.41

0.08

0.14

0.05

0.47

0.23

0.18

0.07

0.06

0.1
0.06
0.04

0.17
0.14
0.04

0.31
0.32
0.11

0.27
0.23
0.3

0.16
0.24
0.51

Figure 3.6: Sample conditional probability table (CPT) for Appearance and Overall
Liking
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In this particular example, the qualitative analysis has been accomplished
manually using a code book. Figure-3.6 shows the snippets of the SBN Ontology
definitions for the variables “Appearance” and “Overall Liking”. By querying the SBN
representation we were able to infer reasons for disliking a sandwich, find missing
concepts in the conceptual model, and determine ways to improve the quantitative
questionnaire by identifying the importance of the missing concepts. In this work we
concentrated the efforts on coming up with a representation. In the following section we
look at the current problem of combining qualitative and quantitative data from an
information- integration perspective. Here, we stress the need for a general framework for
combining information obtained from different qualitative and quantitative analysis
techniques.

<VARIABLE TYPE="concept">
<NAME>Taste</NAME>
<OUTCOME>Like</OUTCOME>
<OUTCOME>Dislike</OUTCOME>
<Keyword>
<Name>Spicy</Name>
<Weight>0.95</Weight>
</Keyword>
</VARIABLE>
<VARIABLE TYPE="concept">
<NAME>Overall Liking</NAME>
<OUTCOME>Good</OUTCOME>
<OUTCOME>Bad</OUTCOME>
<Keyword>
<Name>look</Name>
<Weight>0.93</Weight>
</Keyword>
</VARIABLE>
:
:
<DEFINITION>
<FOR>Overall Liking</FOR>
<GIVEN>Apperance</GIVEN>
<TABLE>0.6 0.4 0.05 0.95 </TABLE>
</DEFINITION>
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Figure 3.7: Parts of SBN Ontology to describe the sandwich tasting example

3.5 Summary
IDF is a representation for combined qualitative and quantitative data, the
conceptual model, and information from combined analysis. IDF enables a way to share
results obtained from various statistical analysis and data mining techniques in a seamless
way among analysts. Semantic Bayesian Networks is an instance of IDF that was
developed to represent information from a combined analysis using Bayesian Networks
to model quantitative data and vector space models for qualitative data.
.
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CHAPTER 4
Vector Space Modeling and Keyword Weighing
4.1 Background
The most obvious approach for analyzing text in domain specific documentation
is the ability to take advantage of terminology. In general, domain specific documentation
is driven by a conceptual model; i.e., the documentation would describe specific concepts
in the domain with conciseness, clarity, and specific structure with rich terminology.
Further, each of these concepts would have pecific meaning and hence in this work it is
believed that concepts can be represented by a vector of “keywords”. In this chapter,
given a domain specific documentation, the proposal to identify the keywords associated
with the concepts in the domain is presented. In addition, a model for “Text Mining” of
domain specific documentation based on “Vector Space Modeling” is presented. Finally,
a case study and results applying the proposed model in analyzing text specific to a
domain is presented.
Textual documents form the sources for a majority of the information present in
an organization. These documents are written in domain-specific terminology. To utilize
these information sources effectively, methods are needed to answer questions over texts
in specific problem situations quickly and with high precision. Research in the area of
“Text Mining” traditionally focused on open-domain systems; i.e., systems that can
potentially answer generic questions. These systems were developed to analyze large and
open volumes of text such as newspaper feeds. In general, these systems resort to a
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relatively shallow text analysis. Very few systems try to do more than skim the surface of
the text [25]. In contrast, “Text Mining” on domain specific documentation does not have
to handle very large volumes of text. It can take advantage of formatting and style
conventions and further make use of specific domain-dependent terminology [26]. In
other words, domain specific documentation allows deeper processing strategies which
might lead to more accurate results. However, these documents present the problem of
“domain navigation” [90]; i.e., unfamiliarity with domain terminology results in
imprecise analysis. A useful text mining system in this context must try to fix this by
detecting terminological variants in the domain and exploit the domain specific relations.
In this chapter, the uniqueness of terminology rich documentation is highlighted and how
to utilize it for better textual analysis is presented. A model and its success on an example
for text analysis from terminology rich domains is presented.

4.1.1 Domain Specific Documentation
Domain specific documentation is a low-volume and high-value type of text [27].
In both respects this is the exact opposite of newswire or newspaper texts whose volume
is huge but whose value is modest. Domain specific documents describe knowledge
about concepts and principles and explain how to use this knowledge to solve problems
in a specific domain. They hardly ever refer to facts such as events and objects that are
uniquely located in space and time, unlike newspaper texts. Nevertheless, the objects they
refer to can normally be identified uniquely. All this makes such texts easier to process in
some respects as there is no need for named entity recognition or for temporal
considerations, but more difficult in others as there are no situational contexts available to
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disambiguate. The following are the unique attributes of domain specific documentation
that have been identified as the factors that have a deep impact on the way such texts
must be processed

Conciseness: Concepts are expressed in domain specific documents only once
and in a concise form. In general, there is no room for data redundancy. Therefore, if a
text analysis system fails to detect a specific nugget of information in one part of the
documentation, it will hardly be able to find a passage elsewhere containing the same
information.

Structuring: Domain specific documents are typically well-structured and follow
a convention. For example, the sections of a training manual are divided into chapters
numbered according to an order. Rigid structuring of such texts facilitates easy access to
the specific information to train the text analysis system.

Terminology: Terminology is ubiquitous in domain specific documentation.
Every domain typically has its own terminology and specialized terminology is unlikely
to be included in general lexical resources such as dictionaries [28]. Since resources such
as general grammar and dictionaries may fail to adequately handle expressions containing
these different usages of its terms, the terminology needs always to be built up in relation
to the domain.

Clarity: Domain specific documents are written in a controlled natural language
in order to ease the understanding of operational and functional instructions by technical
staff. This documentation is relatively easy to parse by a computer because the sentence
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structure is less complex and there are fewer word sense ambiguities in a specific
domain.

4.1.2 Limitations of Traditional Text Mining Techniques
Data redundancy approaches in “Text Mining” that rely on the availability of the
same information in different formats cannot be used here because there is very little
redundant information, and the information that is repeated is typically repeated in
exactly the same way.

Web-based approaches for “Text Mining” need the backing of domain dependent
information to be found on the World Wide Web (Web). However, it is unlikely that
relevant domain specific information would be published in one source on the Web for
the reasons of intellectual property protection. Even if related material is found, there are
still issues of insufficiency and accuracy. Hence, the amount of accurate data that can be
used for “Text Mining” domain specific information is insufficient for Web-based
approaches.

Information extraction approaches that rely on the use of named entities are
successful only in domains where fact-based questions are dominant. However, questions
over technical texts are mostly procedural. Hence, information extraction approaches
have limitations in the “Text Mining” of domain specific documentation.
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4.2 Exploiting Terminology for Text Mining
The most obvious approach for analyzing text in domain specific documentation
is the ability to take advantage of terminology. In general, domain specific documentation
is driven by a conceptual model; i.e., the documentation would be describing specific
concepts in the domain with conciseness, clarity, and specific structure with rich
terminology. Further, each of these concepts has a specific meaning and hence it is the
belief that they can be represented by a vector of “Keywords”. In this work, given a
domain specific documentation, the keywords associated with the concepts in the domain
are identified.. In the following sections, “Text Mining” of domain specific
documentation based on “Vector Space Modeling” is presented. In the first step of the
analysis, the concepts described in the documentation are identified. Then the entire text
collection is pre-processed by eliminating stop words and stemming words to their root
source. The Inverse Document Frequencies (IDF) of the terms is computed and sorted in
descending order so that only the top “K” terms are chosen as keywords. In the learning
phase, the weights associated with the keywords for each concept are learnt by extracting
causal relations. The next step is to prepare a knowledge base for each concept with
associated keyword weights. In the concept identification phase, the knowledgebase is
used to compute the probability for occurrence for each concept. The mathematical
description of the model is as follows:

Learning Phase:
Let all possible Keywords identified from IDF be represented by a set
K = {K1, K2,…KK}
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Let the possible concepts in the conceptual model be represented by the set
C = {C1,C2,…CC}
Let all possible textual observations in the training data be a set
O = {O1,O2,…OT}
Each observation constitutes a subset of keywords represented by {Ki}and a
concept Ci

Oi = {{Ki},Ci}.

From the set of observations O causal relations would be extracted, such as

K j ⇒ C i with confidence Pij, Here i~1 to C and j~ 1to N. Here, Pij denotes P(Ci| Kj)

Knowledge Base:
Prepare a knowledge base KB for the set of concepts C. The knowledge base
for each concept Ci documents the confidence corresponding to each keyword
KB = {Pi1, Pi2…, PiN,,Ci}

Concept Identification:
Here, given a set of observed keywords {Kk}, which is a subset of K, the
objective is to determine the probability of occurrence of the concept Ci i.e.
P(Ci|{Kk}).

P (C i | K k ) =

P ( K K | C i ) * P (C i )

∑ P( K
k

expansion

K

| C i ) * P (C i )

can be computed using Bayesian
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or P (C i | {K k }) =
K j ∈ {K k } or 0 if K j

1
* exp
P ({K k })

∑W

j

*Xj

where Wj = Pij and Xj is 1 if

j

{K k } from multivariate Bernoulli model.

4.3 Case Study
In this work, the model discussed above was applied in analyzing text from a
study in preventive mental health. The initial textual source that was identified in this
context was a “Blueprint” document for implementing a preventive mental health
program named “Promoting Alternative Thinking Strategies” (PATHS). In particular,
the factors that influence the implementation quality of teachers for PATHS were
identified. The documentation in this context was specific to the domain and rich in
terminology. Seven concepts in the conceptual model were identified. These factors
are
1. Teaching
2. Modeling
3. Management
4. Discipline
5. Openness
6. Disruption and
7. Cooperation
The details of the conceptual model for “implementation quality” are
presented in the next chapter. The focus in this analysis was to identify the keywords
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and their weights using the aforementioned model. In the first step of the analysis the
textual source was pre-processed to eliminate stop words and stemmed words to their
root

source

using

a

text

processing

tool

called

RAPIER

(http://www.cs.utexas.edu/users/ml/rapier.html). Further, we used RAPIER

to

compute the “Term frequency-Inverse Document Frequency” (TF-IDF)) [19] and
sorted the terms in descending order so that only the top “K” terms can be chosen. In
the following step the vector space model that was discussed in the previous section
was applied to identify the associated weights for keywords identifying specific
concepts. Figure 4.1 shows the consolidated list of keywords we have identified for
each of the concepts. Figure 4.2 shows the sample weight for the concepts
“Teaching” and “Discipline”. It can be seen that the relative weights for “Discipline”
are higher than the weights for “Teaching”. It states that the concept “Discipline” has
stronger associated Keywords than the concept “Teaching;” i.e., the terminology
associated with “Discipline is richer than the terminology associated with
“Teaching”. This has an important implication in terms of identifying such concepts.
Here, higher confidence in identifying the concept “Discipline” than “Teaching” is
demonstrated. The Semantic Bayesian Network representation of the above case
study is as shown in Figure 4.3.

PATHS Vocabulary

KeyWord
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Teaching of PATHS
concepts

Modeling and
generalization of
PATHS

Teacher
management
skills

Teacher
disciplinary
style

Teacher's openness
to consultation

Level of
disruption
during PATHS

Level of general
cooperation

Teaching

Modeling

Management

Discipline

Consultation

Disruption

Cooperation

Confused
Prepared
Flexible
Defined
Clarity

Conflicted
Argumentative
Dialoguing
Questioning
Problem solving

Structured
Preventive
Tempered
Outbursts
Proactive
Punitive

Authoritative
Strategic
Threaten
Reactive
Proactive
Humiliating
Shaming
Misbehaving

Consulting
Avoiding
Superiority
Resisting
Receptive
Sharing
Partnering
Relating

Complying
Noisy
Arguing
Horseplay
Disrupting
Control
Predictable
Interfering

Cooperating
Sharing
Conflicting
Individuality
Needy
Positive
Praising
Promoting

Figure 4.1: Keywords associated with PATHS Concepts

Table 4.1 Sample Keyword Weights from PATHS example

Teaching Keywords

Keyword Weights

Discipline Keywords

Keyword Weights

Confused
Prepared
Flexible
Defined
Clarity

0.028
0.015
0.01
0.01
0.009

Authoritative
Strategic
Threaten
Reactive
Proactive
Humiliating
Shaming
Misbehaving

0.15
0.074
0.066
0.052
0.031
0.012
0.01
0.008
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Figure 4.2: SBN for PATHS example

4.4 Conclusions
In this chapter, the differences between “Text Mining” in domain
documentation as opposed to open domain systems such as newspaper articles and
web documents were identified. In this work the style conventions and specific
terminology of domain specific documentation were considered to be an advantage to
allow deeper text parsing strategies that might lead to more accurate results. Further,
a “Vector Space” model was presented to identify the concepts in a domain by a
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vector of keywords and weights. This chapter presented a case study for analyzing
text from preventive mental health. In the next chapter, the use of this work is
demonstrated in building qualitative models for Semantic Bayesian Networks.
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CHAPTER 5
Case Study: Combined Analysis for Implementation Quality
5.1 Background
This chapter presents a case study where the theory and methods that have been
discussed so far in this thesis are applied. Here, different ways are identified to assist
researchers and school administrators to automate some of the Social and Emotional
Programs (SEL) to improve productivity maintaining quality of implementation. In this
chapter, a brief introduction would be given about the SEL programs in schools, the
challenges are identified, conceptual model is presented for quality of implementation,
and a software system that was developed to automate some of the processes in
monitoring program implementation is presented. Finally, the results are presented from a
combined analysis of qualitative and quantitative data from this case study in terms of the
information-theoretic metrics proposed in earlier chapters.
Many of the barriers facing schools are social and emotional. Students who have
poor peer relationships and who lack the social skills to develop friendships are at high
risk for academic difficulties [29]. Further, it is estimated that children who have social
and emotional problems in schools are two to three times more likely to become serious,
violent, and chronic offenders in their adolescence [30]. Social and Emotional Learning
(SEL) programs are meant to assist schools regarding social and emotional problems such
as alcoholism, drug abuse, teen pregnancy, and high drop out rates. There is
demonstrated evidence from controlled research studies that SEL programs have a
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positive outcome by significantly reducing the social and emotional problems faced by
schools. However, existing SEL programs often face the challenge of scalability when
adapting from a controlled environment to universal programs. One of the key reasons for
this lack of scalability is due to the qualitative nature of the domain, requiring significant
human expertise in SEL programs and mental health. Hence, even with demonstrated
success, researchers and administrators face challenges in implementing SEL programs
universally. Special education programs in the United States for school children were
made mandatory in 1975. The following facts and figures are the spending of schools in
special education obtained from the Technology Leadership Research Summary, 2002
and from the National Education Association (NEA) [29, 31] .

On average, the United States spent an estimated $350 billion per academic year
on public K-12 education in the last ten years, but it invested less than 0.1% of that
amount to determine what educational processes actually work. This results in very
limited success and failure knowledge about school processes.
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Figure 5.1: Total U.S. Expenditures on education in last ten years available from
http://www.ed.gov/about/overview/fed/10facts/edlite-chart.html#2
Propelled by federal, state, and local initiatives, schools spend an estimated $6.9
billion on maintaining and purchasing new desktop computers, servers, routers, wiring,
internet access, software, and everything else involved in making modern technology
available:
Breakdown of Federal Government
Spending on Education

Special Education
Regular Education
Other programs
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Figure 5.2: Breakdown of federal education spending
The express purposes of the No Child Left Behind Act of 2001 (NCLB) are to
raise achievement for all students in schools and to close the achievement gap. This is
done through accountability, research-based instruction, flexibility and options for
parents, so that America’s children are given more educational opportunities The
following chart shows the breakdown of federal government spending within NCLB. It
shows that the spending of federal government on special education is approximately
twice as much as that of regular education.
In summary, the above facts and discussion indicate:
o

The importance of SEL in the current school systems

o

Schools posses the required hardware and modern technology needed for decision
support

o

However, schools lack systems to monitor the success or failure of SEL processes.

Hence, the key motivation of the study is to utilize the existing resources in
schools and develop models for monitoring SEL program implementation.

5.2 Monitoring SEL Program Implementation
Monitoring SEL program implementation can be defined as the ability to know
“If a SEL program was implemented as intended” [32, 33]. Researchers monitoring SEL
program implementation have the following objectives [34]:
o

Understand how a program operates

o

Provide continuous feedback to schools for improving quality of implementation
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o

“Document compliance with legal and ethical guidelines, including state standards”
[63]

o

Share knowledge about successfully replicating a program

In general, the documents for monitoring SEL program implementation are
structured and provide a mix of numerical and textual data. An example for such a
document is social and emotional competence ratings used by schools to screen the
students for behavioral risk. The data flow in this example is shown in Figure 5.3.
Here, the teachers provide their inferences about the social and emotional behavior of
the students in their class by rating students and providing textual comments. In this
particular example, social and emotional state is assessed by a student counselor.
Further, such a state might be monitored by the school principal and other districtlevel staff. In general, student counselors and others monitoring the process use a
decision support system that provides inferences limited to the numerical data. Since
there are limited student counselors in schools, without a system that can assist in
interpreting the qualitative data it is not physically possible for them to draw
inferences from the text.
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PRINCIPAL

COUNSELOR

Data
Teacher

Teacher
Teacher

District

Figure 5.3: Data flow in social and emotional competence ratings
Therefore, inferences are mostly drawn from partial information that may lead
to uncertainty. Further, even if there are enough student counselors to handle the
qualitative data, they may not have the expertise to diagnose the problem and relate to
similar situations in the past to identify relevant action. This is just one example of
monitoring program implementation in schools where decision-making may be biased
with incomplete information. In the following section, a generic conceptual model is
presented for monitoring SEL program implementation in schools. Here, various
concepts and their interactions in monitoring SEL program implementation in great
detail are illustrated. The knowledge within the conceptual model in turn can drive
building the SBN model.
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5.2.1 Conceptual Model for Monitoring SEL Program Implementation
The conceptual model for school-based implementation quality is based on the
framework proposed by Domitrovich et al. This model hypothesizes that there are three
major levels of factors that influence implementation quality and other outcomes.
1. The first level represents the “macro-systemic” sources of influences that
include the policies of the federal, state, and district governments that have
a potential influence on the outcomes of school-based programs. It is
important to note that most research studies are not large enough to test
the impact of these factors. Hence, most of the estimates drawn about the
sustainability and adoption of an evidence-based program are at the
existing state of “macro-systemic” factors.
2. The second level of factors are the organizational factors that include the
school’s social and organizational functioning, the communication
patterns between staff, and the overall climate of the school as perceived
by the individuals within the school [32].
3. The third level is the individual level which includes the interactions
between the implementer and the participant. Domitorvich et al. [32]
represent that this process consists of two components, the first being the
fidelity of implementation solely considering the intervention itself and
the second being the support system available to the implementer during
the intervention phase.
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It is important to note that even though the factors from the three phases are
modeled differently, they would exhibit a strong correlation as organizational policies
such as school administrative support would have a correlation on individual level factors
such as teacher’s workplace perception. The details of the conceptual model are
illustrated in the Figure 5.4.
MACRO SYSTSM

Policy
Federal

Finance
State

Federal

District

State
District

Organizational Factors

Interpersonal Process

Intervention Location

Implementer

Participant

Implementation Support

Implementation Quality

Figure 5.4: Comprehensive model of school-based intervention implementation
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5.3 Software for Monitoring Program Implementation
It is widely believed in the research community that bringing SEL programs,
technical assistance, peer-to-peer support, and monitoring program implementation is
feasible through a technology-based solution. Hence a software system—Integrated
System for Process Implementation and Real-time Evaluation (INSPIRE) [35] —was
built using the concepts of SBN. Hence, INSPIRE is expected to facilitate the knowledge
transfer of innovative strategies for high quality implementation and provide a structure
for scalable expert advice regarding adaptations. The specific aims of the system are to
(1) provide real-time data to teachers and other school personnel so that they can make
adjustments to program implementation, (2) capture implementation and adaptation data
as PATHS and (3) create a community of users across school buildings to facilitate peer
support and idea sharing. INSPIRE allows users to enter and receive critical information
regarding program implementation such as dosage, fidelity, student behaviors. It is
engineered to efficiently extract school record information (e.g., suspension data).
INSPIRE software is engineered for typical K-12 school environments with scarce
technology resources. Its features can be summarized as follows:

•

Role-based software that can be accessed by authorized users securely using the
web.

•

Key functionality provided include: Attendance, Grading, Collecting SEL data,
graphically viewing data and reports in real-time,
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•

The software architecture is scalable to support a large number of users at a given
site.

•

The software has three-tier architecture and is based on Microsoft’s latest .Net
technology.
In INSPIRE the structured nature of SEL documents is exploited. The common

features in these documents were extracted and an XML structure was defined for
modeling these documents.

Figure 5.5: INSPIRE software architecture
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5.3.1 Data Collection
INSPIRE was used as the research experiment test bed for simultaneously
collecting the qualitative and quantitative data for SEL implementation.
literature was leveraged and

Existing

domain experts were consulted to come up with the

conceptual model discussed in section 5.2. The data was collected from ten schools in the
Baltimore school district from 93 participants. The participants were “home room”
teachers from kindergarten to 5th grade. The questionnaire in Figure 5.6 was designed to
collect simultaneous qualitative and quantitative data from the participants. The
questionnaire also was designed from the conceptual model in Figure 5.7. This
conceptual model is specific to the organizational and interpersonal factors discussed in
section 5.2.

74

Figure 5.6 Questionnaire for capturing combined Qualitative and Quantitative data for
PATHS to PAX “Quality of Implementation”
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Acceptability
(AC)
Effectiveness
(EF)
Implementation
Quality (IQ)
Admin Suppt
(AS)
Impl Suppt
(IS)

Conceptual model for Implementation Quality
Figure 5.6: Conceptual model for implementation quality
The factors that were hypothesized to influence implementation quality are:

•

Acceptability (AC): The factor that measures the teacher’s acceptance of
intervention principles. It would capture the teacher’s likes and dislikes of
the intervention.

•

Effectiveness (EF): The factor that measures how much of a change the
intervention brought in the student’s behavior.

•

Administrative support (AS): The factor measures how much support the
teachers received from the administrative staff
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•

Implementation

support

(IS):

The

factor

measures

how

much

implementation support the teachers received while implementing the
intervention, especially from the “coaches”.
The data was collected for the above factors under the assumption that the
conditions across all the classes and grades are be similar; i.e., the responses across
sections, grades and schools are considered to be replicates in the analysis. The combined
analysis conducted on this data is presented in the following section.

5.4 Combined Analysis
The initial step in the analysis was to convert the unstructured qualitative data to
structured data for analysis. For this purpose, a code book was created based on the
responses. With the code book available, the qualitative data was transformed into
structured data without losing the relation with the corresponding quantitative responses.
The transformed data was used for the combined analysis of qualitative and quantitative
data. What follows are the results from the analysis.
In this case study, the teachers were strongly encouraged to provide responses for
both qualitative and quantitative questions. Overall, we have observed a 100% response
for quantitative data and an 87% response for the qualitative data. We have not observed
any correlation between the lack of a qualitative rating and the quantitative response.
In the next step, the distribution of responses to the qualitative and quantitative
questions to the four concepts was estimated. The quantitative questions across the four
concepts in the questionnaire have four responses in the scale, namely “A lot”, “Quite a
bit”, “Somewhat”, and “Not at all”. Even though we have not observed any in the current
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data, a blank response was also possible. The distribution of the quantitative responses
along with their qualitative counter parts are presented from Figure 5.7 to Figure 5.14
Analyzing the quantitative data, Figure 5.7 teachers have a high acceptance level
for the intervention. Looking at the qualitative data in Figure 5.8 for acceptability, the
greatest challenge teachers face is to fit the curriculum into their schedule. From
combined analysis, it was observed that the teachers that gave poor ratings were not
satisfied by the additional time constraints the intervention poses on their schedule.
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Figure 5.7 Distribution of quantitative responses for “Acceptability”
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"Acceptability" Qualitative Distribution
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Figure 5.8: Distribution of qualitative responses for “Acceptability”

Analyzing the data for “Effectiveness”, the teachers had a moderate belief that the
intervention has improved student behavior (Figure 5.9). It was observed that especially
the teachers in higher grades tend to believe that intervention is less effective. Analyzing
the qualitative data, it was observed that the teachers believed that the “Good Behavior
Game” (GBG) was very effective (Figure 5.10). From the combined analysis, it was
observed that the teachers of higher grades feel that the lessons were ineffective as the
students always find the lessons to be uninteresting.
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Figure 5.9: Distribution of quantitative responses for “Effectiveness”
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On an average based on quantitative analysis, the teachers disliked the
administrative support they received from the schools (Figure 5.11). The qualitative data
suggested that the majority of the teachers felt that the administrative staff should be
involved in training as well, and this would bring them up to speed with the program and
allow them to understand some of the time limitations (Figure 5.12). From the combined
analysis, it was found that teachers who gave low quantitative ratings believed that
interventions should be implemented school-wide to get a better response and support
from their peers and staff.

"Administrative Support" Quantitative Distribution
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Figure 5.11 Distribution of quantitative responses for “Administrative Support”
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Figure 5.12 Distribution of qualitative responses for “Administrative Support”

Observing quantitative data alone, the teachers felt that they had “A Lot” of
implementation support from the coaches (Figure 5.13). Observing the qualitative data
confirmed the same behavior (Figure 5.14). From combined analysis, it was identified
that the teachers felt the need to receive reminders electronically when the ratings are to
be implemented.
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2.5.2 Information Metrics for Measuring Overall Value of Combined Analysis
In the previous section the results from combined analysis were presented. In this
section, the value of combined analysis in terms of information-theoretic metrics is
presented. The information entropy for the overall quantitative data with distribution as
shown in Figure 5.15 is

H(X) = E(I(X)) = -

∑ p(x ) * log
i

2

p(x i )

i =1 to n

=-

108
 108  115
 115  123
 123  20
 20 
* log 2 p
* log 2 p
* log 2 p
* log 2 p

366
 366  366
 366  366
 366  366
 366 

= 0.90119
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Figure 5.15 Distribution of Overall quantitative responses

The distribution of responses for the overall qualitative data is as shown in Figure
5.16. The information entropy of combined data is as follows:

H(X) = E(I(X)) = -

∑ p(x ) * log
i

2

p(x i )

i =1 to n

=-

15
 15  43
 43 
* log 2 p  * log 2 p .....
93
 93  103
 93 

= 0.67106
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Figure 5.16 Distribution of Overall qualitative responses
Hence, the information gain from combined analysis is 0. 90119- 0. 67106= -

0.23019. It can be observed that there is an information gain from the combined analysis,
suggesting a decrease in uncertainty. Based on the measures that were proposed, this falls
under the category of information, IG > 0.2. Now in order to compute, the conditional
entropy which is a measure of reduction in uncertainty in quantitative data given
qualitative the transition matrix as shown in Table 5.1 is used.

Table 5.1: Matrix for conditional entropy
Additional
Imple
Admin
support
Support

Curriclulu Great
m guide
Coach

Personaliz
Like it as it
e report
Share
is
Schedule cards
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Lessons

Teacher
Input
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and DVDs Visors

Training

A lot

1

0

2

2

4

5

13

1

1

0

1

0
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Quite a bit
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0

1

0

2

1

9

0
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1

0

1
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Somewhat

9

2

0

0

1

1

14

0

1

1

1

1

0
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3

0

0

0

1

1

7

0
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0
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0

0

Conditional Entropy CE =
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H(Q1 | Q2) = - ∑ p(q i , q j ) * log 2 p(q i | q j )
i, j

H(X) =

 1
 1
  * log 2  
 93 
i =1 to 52  93 

∑

= 0.715472.
Following from the fact that, the information gain is greater than 0.2, and the
conditional entropy is significantly high, there is conclusive evidence that the combined
analysis led to complementation of qualitative and quantitative data.

Measure of value specific to a variable:
The measures of “overall information gain” and “overall conditional entropy” are
limited to capturing the overall impact of combined analysis. They fail to capture the
value derived by specific variables in combined analysis. To measure the value of these
specific instances, the information gain derived by individual variables was computed.
Important observations made from the analysis are summarized as follows:
“Schedule” was not a quantitative variable and was observed only by analyzing
the qualitative data. The information entropy of “Schedule” from quantitative data is
1.00, suggesting a maximum uncertainty. The information entropy from combined
analysis had 43 qualitative responses, all suggesting flexibility in the schedule. Hence,
the entropy of schedule for qualitative data is 0.00. Therefore, the observed information
gain is 1.00 and the conditional entropy is 1.00. Thus, with a very high information gain
(IG>0.2) and high conditional entropy, it confirms the existence of a missing variable for
“Schedule”.
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“Implementation Support” is a quantitative variable which had 93 respondents,
out of which 76 teachers liked, and 17 respondents disliked, the implementation support..
The information entropy of “taste” from quantitative data is 0.686155. Analyzing the
qualitative data, 43 respondents requested additional implementation support and 50
respondents were satisfied with the existing support. The information entropy in this case
is 0. 995908. Here the information gain was -0.309754, suggesting a significant loss of
information because of combined analysis. Even though the respondents like
“implementation support”, they requested additional support qualitatively. The reason
for this change can be attributed to the limitation of the scale in quantitative
questionnaire; i.e., overall there was approval for implementation support, but the
respondents could not find the right scale in the quantitative questionnaire to provide the
feedback and hence used the qualitative responses. In this case, the conditional entropy of
quantitative data with respective to qualitative data is 0.31476, which is significantly
positive and confirms the identification of a paradox. Thus, the paradox identified can be
used as feedback for researchers.
Analyzing the variables “Acceptability” and “Effectiveness,” triangulation was
observed. Here, it was observed that the teachers have not provided any additional
information in qualitative data apart from what they have provided in the quantitative
data.
To compare the responses between the teachers and coaches, data was collected
regarding the construct “Administrative Support” from both of them independently. The
responses from teachers were presented in Figure 5.11 and Figure 5.12. The responses
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from the coaches are as shown in Figure 5.17. From the graphs, the average coaches’
rating was higher than the teachers rating. The entropy of the teachers’ responses for
administrative support is 0.614. The entropy from the coaches’ responses is 0.947. The
information loss is -0.333, which indicates a paradox. However, the conditional entropy
is a low -0.056, indicating that coaches’ and teachers’ responses don’t share information
due to the fact that IG < -.0.2 and conditional entropy is close to zero, combined analysis
is inconclusive.
From the above analysis it was possible to study the various measures that were
proposed. Further, it was possible to validate the different conditions by identifying the
cases of triangulation, complementation, missing variables, and paradox. A summary of
these results are as follows.

Table 2.2: Summary of results from case study
Overall Value

Complementation has been confirmed from the
overall value of combined analysis

Missing Variable and Complementation

Complementation of the research methods was
used to identify the missing variable “Schedule”.

Paradox

Paradox in the variable “Implementation Support”
has been identified

Triangulation

We have observed triangulation among the
variables “Effectiveness” and “Acceptability”
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Figure 5.17 Responses for coaches for Administrative support
5.3 Summary
In this case study, various ways to assist researchers and school administrators to
automate some of the Social and Emotional Programs (SEL) to improve productivity
while maintaining quality of implementation were identified. In this chapter, a brief
introduction was given about the SEL programs in schools, various challenges were
identified, a conceptual model for quality of implementation was presented, and a
software system was developed to automate some of the processes in monitoring program
implementation. Finally, the combined analysis was presented on the data collected from
INSPIRE and
demonstrated.

the benefits of such an analysis on the specific case study was
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CHAPTER 6
Conclusions and Future Directions
6.1 Conclusions
In this work, the need for analyzing combined qualitative and quantitative data
was identified. From existing literature and from case studies the advantages of such an
approach were established. The following research issues were raised and addressed in
this work:

How can one measure the value of combined analysis: There is an important
need for a metric to measure the benefits of combined analysis of qualitative and
quantitative data and establish conditions for success and limitations. In this work,
information-theoretic metrics were proposed to measure the overall success and success
specific to a purpose of combined analysis. The application of these metrics was verified
through case studies.

How can one represent the combined qualitative and quantitative
information in a more unified manner:

If the analysis was independent, the

information obtained from quantitative analysis is represented by standard statistical
models such as regression, decision trees, neural networks, and Bayesian networks, and
the qualitative responses are typically represented in terms of frequencies and other
scoring methods such as TF-IDF [19]. However, combined analysis brings forth an
important issue as to how this analysis should be represented. In this work, the
information description framework (IDF) was proposed for the combined representation
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of qualitative and quantitative information. IDF is an ontological extension of the
predictive model markup language to include qualitative constructs. In a case study, a
specific instance of IDF was developed to describe information obtained from a Bayesian
network analyzing quantitative data and information obtained from vector space models
analyzing qualitative data. This new representation was called a Semantic Bayesian
Network.

How would one automatically populate the combined representation: The
success of combined analysis is highly dependent on translating unstructured qualitative
data to structured quantitative data. Currently, this analysis is highly manual and requires
considerable time. In this work, a methodology to automate this manual process was
proposed. The rich terminology present in technical domains was used with information
extraction techniques to automatically convert unstructured qualitative data to structured
data. Vector space models were used to represent the output from information extraction.
Further, in this work we have presented two case studies from the real world,
where we have applied the concepts proposed in this research. Here, the advantages of
combined analysis in terms of information theoretic metrics were presented, the new
information obtained was represented using an information description framework, and
information extraction techniques were used to automatically convert unstructured
qualitative data to structured data.

6.2 Impact and Contributions of Current Research
The debate regarding combining quantitative and qualitative data collection
methodologies has been a longstanding one. However, there is hardly any research that
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would measure the value of such an approach mathematically. Perhaps, this is one of the
first works in such a direction that would reveal the tangible benefits and limitations of
combining qualitative and quantitative data. In this light, the contributions and envisioned
impact of the current research is as follows:
The results from the case studies demonstrated a 20% information gain from
combined analysis, identified missing variables, triangulated research methods to
enhance confidence, and provided feedback to improve a quantitative questionnaire. The
significant impact of this work would be to create data collection instruments that would
be possible to continually improve from the feedback from the data provider and provide
the most complete information to the analyst.
This work proposed IDF, which is an extension of PMML for representing
analysis from qualitative analysis methodologies. IDF would overcome the limitations of
PMML and would extend its functionality to share information from various qualitative
and quantitative analysis tools among analysts in a seamless and unambiguous fashion.
Preventive mental health programs in schools compete for billions of US taxpayer
dollars. However, these programs are inefficient with significant manual effort. Perhaps
INSPIRE is the first such effort in developing an information system that would help
researchers bridge the gap and automate some of the manual processes and reduce the
costs involved in implementation.
The impact of using IDF in the preventive mental health domain would let various
stakeholders—including

schools, school districts, researchers and the federal
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government—seamlessly share information and move towards a distributed knowledge
system.
Finally, current research work can find applications in various domains such as
the service industry, manufacturing quality, market research, financial markets, sports,
and entertainment where qualitative and quantitative data is currently independently
analyzed.

6.3 Future Directions
The debate and advantages of combining qualitative and quantitative data
collection methodologies is widely discussed within scientific literature. In this work,
perhaps for the first time we have proposed metrics that would capture the value of
combining these methodologies mathematically. This research brings forth numerous
potential future directions. The following are a few among them:

Feedback for improving questionnaires: During combined analysis, new
inferences that were identified indicated the shortcomings of some of the quantitative
questionnaires. Here, missing variables and concepts were identified. As part of future
work, these inputs need to be incorporated into the questionnaire and the responses need
to be observed. This would allow verification of how the predictions that were made
based on the information-theoretic metrics stand. If the shortcomings identified in the
questionnaire were accurate, significantly fewer qualitative responses should be observed
regarding the missing concepts and variables as the voids in the quantitative
questionnaires would have been filled.
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IDF for Predictive Modeling: In this research, IDF was used as a representation
for combining qualitative and quantitative information. One of the future directions in
this research is to use IDF for predictive modeling—especially to improve the
classification by using the combined information from qualitative and quantitative data. It
is highly probable that a data mining algorithm that works on the combined information
would provide enhanced performance as opposed to utilizing the information
independently.

Continuous Variables: Shannon’s information entropy is limited to working on
discrete random variables. Hence, the current proposed information-theoretic metrics are
limited to working on discrete variables. Converting continuous variables to discrete
variables results in a loss of information and hence there is a need to extend this work to
continuous variables. Here, we want to use the concept of differential entropy which
extends Shannon’s entropy to continuous probability distributions.
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