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Abstract— As hardware and software technologies have 
improved, our definition of a "manageable amount of data" has 
increased in its scope dramatically.  The term "big data" can be 
applied to any of several different projects and technologies 
sharing the ultimate goal of supporting analysis on these large, 
heterogeneous, and evolving data sets.  The term "data science" 
refers to the statistical, technical, and domain-specific knowledge 
required to ensure that the analysis is done properly.  Techniques 
for managing some common causes for bad data and invalid 
analysis have been used in other areas, such as data warehousing 
and distributed database.  However, big data projects face 
special challenges when trying to combine big data and data 
science without producing inaccurate, misleading, or invalid 
results.  This paper discusses potential causes for "bad big data 
science", focusing primarily on the data quality of the input data, 
and suggests methods for minimizing them based on techniques 
originally developed for data warehousing and distributed 
database projects. 

Keywords— Big Data, Data Quality, Data Warehousing, 
Distributed Database, Metadata. 

I. DEFINING BIG DATA SCIENCE QUALITY 

Big data systems are large, distributed, and complicated 
data systems.  Data science activities encompass several 
sophisticated analytical processes.  Therefore, any project 
tasked with implementing a big data system and performing 
data science activities on it, must include a combination of 
complex distributed systems and complex analysis.  How do 
we evaluate the quality of such a project?  This paper attempts 
to address a related and more important question: how can we 
recognize potential quality issues and prevent the quality from 
being unacceptable, i.e., how can we prevent "bad big data 
science"? 

The product we produce in any big data science project is 
the combination of the big set of data itself, the set of analysis 
we perform, and the ultimate decisions we make based on that 
analysis.  If we wish to evaluate and improve the quality of our 
product, we need to understand what data quality means and 
how it might become bad quality.  Unfortunately, the definition 
of good quality and bad quality is both easy to understand and 
hard to define succinctly. 

A. The five views of quality 

What does product quality mean?  In [1], Garvin asks this 
question and considers the answer from several different 
perspectives, such as philosophy, economics, marketing and 
operations management.  He presents five views of quality: the 
transcendental view, product view, user view, manufacturing 
view, and value view.  We can summarize Garvin's five views 
by giving a short statement of the primary perspective for each.  
For example, in [1] Garvin uses the quote, "even though 
quality cannot be defined, you know what it is" to demonstrate 
the transcendental view.  The product view considers quality to 
be based on the quality of its ingredients (all of the inputs to all 
of the processes that produce the product).  The user view 
recognizes the subjective nature of quality, i.e. that quality is 
evaluated based upon how well it satisfies the needs of the 
product's users.  This view also recognizes that, since we have 
different types of users, our definition of quality must, consider 
all of their different needs and expectations.  The 
manufacturing view considers quality to be a measure of the 
production processes, i.e. quality is a measure of the degree to 
which both the products and production processes themselves 
conform to their respective specifications.  The value view 
emphasizes that the degree of quality required to be considered 
"good quality" or "bad quality" is tied to the definition of 
"acceptable cost".  For example, we expect higher quality from 
a product that costs more, such as the difference in our quality 
expectations for an "enterprise edition" versus a "student 
edition" of the same product.  See Table 1 for an informal 
summary of each view's description of "Good Quality". 

B. Beyond the five views 

Our understanding of quality in general (and our view of 
software and data quality in particular) has continued to 
evolve.  Others have made significant contributions, often 
building on Garvin's foundation. 

In [2], Kitchenham and Pfleeger apply Garvin's approaches 
and further explore this question with respect to software 
quality in particular.  They conclude that the five different 
views are necessary, but can lead to conflicts and 
disagreements between the various stakeholder groups. 
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TABLE I.  SUMMARY OF THE FIVE VIEWS 

View name 
Informal Description of Each View's 

Concept of Good Quality 
Transcendental Good Quality is un-definable; it is only recognized by 

experiencing it. 
Product Good Quality is a function of the quality of the 

ingredients (inputs to the process). 
User Good Quality is based on each user's needs and (perhaps 

unspoken) expectations. 
Manufacturing Good Quality is based on conformance to specifications 

and process. 
Value Good Quality is based on how much the customer is 

willing to pay for it. 
 

In both [3] and [4], English considers the definition of 
software quality with a special focus on data and information 
quality within analytical information systems.  In [3], he argues 
that the movement of a set of data throughout an information 
system also represents an evolution; the data set is transformed 
into concepts containing higher degrees of quality, which he 
calls "information, knowledge, and wisdom".  English claims 
that this evolution is the result of metadata applied at each 
stage of our data set's journey.  In this context, the term 
"metadata" can be understood as any details surrounding our 
data sets and processes.  These details can pertain to the 
administration, understanding, or use of any or all of these 
things surrounded by the metadata.  Stakeholders exist at each 
step along this path.  This list of stakeholders includes the 
initial data modelers and application programmers.  It also 
includes the people entering the data, and the people 
implementing the next stage in the data set's journey.  As we 
follow the path our data set takes, it leads to the report and 
query authors, the decision makers who base their decisions on 
the analysis results, and ultimately, all of the employees, 
customers, and shareholders who are affected by those 
decisions. 

Whenever these stakeholders encounter the data moving 
through the system, they are potential customers of the data, 
potential knowledge workers who strive to assess and improve 
the data quality (by using and improving the relevant 
metadata), and potential producers of the next stage in the data 
evolutionary process / path.  English considers several different 
sets and types of metadata.  This includes details pertaining to 
semantics and significance, the effort and resources used by 
each step of the transformation and the status for each of the 
transformation processes).  There is important metadata 
surrounding the usage (e.g. details reflecting timeliness and 
relevance of set of data with respect to the processes that use 
that set) and surrounding the people (e.g. the experience level 
of the people assigning and using the metadata).  Each of these 
metadata sets needs to be captured, maintained, and integrated 
into the overall journey that our data set makes through the 
system. 

C. Big data science quality 

If we combine these different views and contributions, we 
can consider what our definition of quality should be for big 
data science.  As data sets are processed by our big data 
projects, the sets of metadata surrounding them are used and 
enhanced to improve the quality of the subsequent products 

and processes.  The various data sets and metadata sets are 
combined with the sets of transformations that we apply, and 
the queries we execute, to produce a set of decisions.  These 
decisions are the ultimate result of all our big data and data 
science activities.  The quality of big data science must 
therefore include the quality of these ultimate decisions as well 
as the quality of all the "ingredients" that lead to them.  This 
definition of quality implies that our overall measurement of 
big data science quality is dependent upon the quality levels 
measured for each data set.  It also depends on the quality 
levels measured for each piece of relevant metadata, i.e. all the 
metadata surrounding each and every one of our data science 
activities that lead to the final decisions.  All of these quality 
levels rely on several quality evaluations, which are performed 
by different stakeholders, based on different views and criteria, 
distributed across our big data systems and processes, and 
applied at different stages (different locations and times within 
the system work flow and data flow).  For example, data 
stewards would capture details about the source data, such as 
completeness (e.g. examining null values for attributes and 
relationships); while data transformation developers would 
capture details focused on source versus destination aspects 
(e.g. cross-footing the number of accepted and rejected 
transformations).  Stakeholders in later stages would focus 
more on pragmatic quality details (such as the applicability and 
reasonability of the data, or performance aspects such as data 
latency).  Suggestions for developing such an evaluation 
methodology can be found in [5], along with a good summary 
of the overall goals we hope to achieve.  If we want to produce 
good quality big data science, then all these quality details need 
to be captured, communicated, evaluated, maintained, and 
improved.  Therefore, understanding the stakeholders and 
including there feedback in the quality process is vital.  A good 
example of how stakeholder analysis and feedback can be 
integrated into the workflow process is discussed in [6]. 

II. TRADITIONAL AND BIG DATA SYSTEMS 

Big data science projects are different from traditional 
information analysis and data processing projects.  However, 
big data projects can interact with traditional systems, often 
traditional systems act as the ultimate source for the 
information being analyzed.  Big data science systems also 
share some aspects in common with different parts of different 
traditional systems.  Therefore, we can apply the product view 
of quality, and consider traditional data quality issues as 
"ingredients" that have a direct impact on the quality of these 
newer big data systems.  Understanding how to improve those 
traditional systems can potentially improve the quality of these 
ingredients.  Similarly, these traditional issues and 
improvement approaches might provide insight into the new 
challenges faced by big data science systems. 

A. Relational database management systems 

A relational database management system (RDBMS) can 
be used to implement traditional data processing systems.  
These processing systems use database models designed using 
tools and techniques that are based on Chen's [7] entity 
relationship modeling technique and Codd's definition of the 
relational model [8].  An RDBMS can provide an efficient 



platform for applications that need to processes data 
transactions.  Databases are designed using Codd's concepts of 
normalization, to reduce the risks of data corruption or 
inaccurate query processing when both read and write 
operations occur at the same time (race conditions).  Modeling 
techniques based on Chen's approach allow for separation 
between the requirement details and implementation details for 
data.  For example, the schema for a database typically models 
cardinality details for relationships between entities using 
diagram notations.  These can be implemented using 
constraints and indexes within the DBMS, freeing the 
application from the responsibility of enforcement.  
Applications written to perform online transaction processing 
(OLTP) can leverage these techniques and other RDBMS 
facilities to implement constraint enforcement and indexed 
access methods.  Even after the application has been 
implemented and deployed, a database administrator can use 
the RDBMS management facilities to optimize these 
implementations, and improve performance for those database 
operations that are most critical to the application or most 
frequently used by the application.  Skilled database 
administrators, data modelers and developers can use the 
RDBMS to ensure data integrity is preserved while efficiently 
processing transactions containing thousands of potentially 
conflicting operations.  Access to schema and data content can 
be controlled per user or for groups of users.  Through various 
techniques, this control can be defined to a fine level of 
granularity, even down to the column or row-level.  Several 
different RDBMS platforms provide fallback and recovery 
facilities to ensure that data loss is minimized, even when 
power failures or hardware crashes occur.  However, the details 
for these various features and facilities must be defined, 
implemented, and executed correctly.  Definition and 
implementation quality depend on the skills of the developers, 
and ultimately on the schedule and budget constraints of the 
project (i.e. this is highly dependent on value view of quality).  
Similarly, the execution of these operations can cause 
performance overhead (e.g. transaction processing can 
correctly handle race conditions, but can lead to locking 
bottlenecks or even deadlock situations).  Therefore, it is 
possible that the actual design, implementation, and execution 
delivered for a given RDBMS project might provide less than 
the maximum degree of quality that the RDBMS is capable of 
providing. 

B. Distributed database management systems 

The proliferation of RDBMS and other data systems 
combined with the need for an integrated view of data, 
spanning different departments or applications, lead to the 
concept of a distributed database management system 
(DDBMS).  A DDBMS can be architected using one of several 
different alternative approaches.  A DDBMS can provide a 
single, uniform interface to the data contained in any of 
several, separate, traditional RDBMS databases.  Ideally, 
applications written to access the DDBMS can connect to any 
data controlled by the data systems integrated by the DDBMS, 
even data managed inside flat files or non-relational databases.  
As Rahimi and Haug discuss in [9], there are several DDBMS 
architectural alternatives, but all have a common goal; they 
strive to provide some degree of support for several different 

types of transparency.  For example, providing location 
transparency means that the application does not need to know 
any network or deployment details for the underlying host 
system that contains the data set it needs to access for a given 
query.  Fragmentation transparency means that the DDBMS 
provides an integrated view of the data, even when the 
underlying schema and content is split into several groups of 
rows (horizontal fragmentation), groups of columns (vertical 
fragmentation), or subgroups based on both types of 
fragmentation (i.e. hybrid fragmentation).  Replication 
transparency enables duplication of tables or fragments for 
better performance and load balancing of queries, while also 
ensuring synchronization of data content for write operations. 

When a DDBMS is used to unite several separate 
databases, it is not always an ideal solution.  For example, 
individual OLTP applications, previously designed and 
implemented to connect directly to the underlying data, still 
need to perform read and write operations on the underlying 
data sets.  Unfortunately, it is often considered impractical 
(based on the value view of quality) to rewrite these traditional 
applications to use the DDBMS instead of the direct access 
they originally used.  Because of situations like this, and other 
considerations, the use of DDBMS for write operations, can 
become quite limited or even impossible.  In such an 
environment, performing queries against a DDBMS has 
potential benefits; however it relies on the ability of the 
DDBMS developers to integrate the data from the different 
underlying data systems.  The task of integrating these systems 
can be quite challenging, or even impossible, based on the data 
quality of these systems and the different and often 
incompatible understanding of concepts across different 
applications.  Therefore the DDBMS quality is dependent upon 
the data quality of other systems and processes.  This means 
that the degree of quality a DDBMS can reasonably provide is 
often less than the theoretical maximum that the DDBMS 
approach could potentially provide. 

C. Data warehousing environments 

A different approach, called data warehousing, began its 
development in parallel with the DDBMS approach.  In [10], 
Inmon describes data warehousing as the culmination of a 
series of evolutions in data processing and decision support 
systems.  Reference [10] also includes Inmon's claims that in 
the 1960s, master files and proprietary programs made the data 
access environment feel "stifling".  Summarizing Inmon's 
view, he states that solutions caused other problems, which in 
turn inspired solutions with new challenges.  For example, poor 
access to data can lead to extract programs, which can lead to 
synchronization issues.  Solving these issues transformed data 
into more manageable information and preserved change 
history, but these transformations could easily lead to 
"stovepipes", which are situations where different and 
incompatible attempts to integrate the same data.  These 
transformations could also lead to other issues with data quality 
and credibility.  Ultimately, this lead to the creation of a data 
warehouse environment, as [10] defines it, this must be a 
"subject oriented, integrated, non-volatile, and time-variant 
collection of data in support of management's decisions".  
Inmon created a data warehouse architecture that initially 



focused on a centralized data warehouse, the one, and true 
source for data integration and capable of supporting extracts 
in the form of additional data warehouses and smaller subsets 
called data marts. 

Inmon has evolved his approach into a new architecture 
(defined in [11]) that supports decentralized / distributed data 
warehousing.  But Inmon is not the only voice shaping data 
warehousing.  Kimball, Ross, and Thornthwaite have also been 
actively working to shape the architecture, lifecycle, and 
expectations for data warehousing.  Kimball's approach, as 
defined in [12] is different from Inmon's, most notably with 
respect to centralization versus distribution.  Kimball's 
approach has always been distributed.  In Kimball's view, the 
data warehouse does not physically exist (it is certainly not a 
centralized database); it is instead a logical union of all the data 
marts, controlled by a construct he calls the "matrix". 

Although Inmon, Kimball, and others have implemented 
the concept of a data warehouse differently, there is some 
consensus.  In particular, Inmon's four original defining 
characteristics are generally agreed upon and defined 
consistently.  Subject orientation means that the data 
warehouse should be modeled using language and concepts 
that are based on the enterprise subject areas.  This means that 
the business user's view (as opposed to the application or 
database developer's view) should be captured in the various 
data warehousing models.  Saying that a data warehouse 
environment is "integrated" refers to the need for combining 
and cleansing data from many different data models across the 
organization.  The "non-volatile" characteristic means that a 
data warehouse environment will typically avoid deleting or 
updating data when it changes (loading data is thought of as an 
"append new version" operation rather than an update).  Lastly, 
"time-variant" is a somewhat related concept, namely that each 
value loaded in the data warehouse should have an associated 
date and / or time. 

These characteristics are radically different from traditional 
online transaction processing (OLTP) models, but so are 
operations being processed by the transactions and queries.  
The data warehouse environment is built to perform online 
analytical processing (OLAP), not OLTP.  Data warehouse 
environments perform separate data modification (loading) 
from data reading (querying, reporting, mining, etc.).  Loading 
typically occurs as part of a separate process called extraction 
transformation and loading (ETL), typically as a batch process 
performed during off-peak hours, and periodically rather than 
constantly.  ETL is metadata driven (based on metadata 
capturing the source to target mapping details).  ETL is also 
responsible for assessing data quality, attempting to cleanse 
"dirty data" when possible, and managing all the metadata 
related to the population processes.  Queries are different for 
OLAP than OLTP, typically focusing on aggregate functions, 
using cached or partially cached data, and mostly involving 
historical data that never changes after it is loaded (non-volatile 
and time-variant).  Although some systems do focus somewhat 
on current data (e.g. tactical systems such as operational data 
stores or operational data marts), the majority of data stores in 
the data warehouse environment are more strategic (updated 
less frequently, and more focused on past values than current 
values). 

D. Big data systems 

The term "big data" is relatively new to academia and 
business, with the current views originating in the seminal 
"Bigtable" paper [13].  Many academics and business 
professionals are still learning about big data and exploring its 
many facets; however consensus about many of its core 
principles and concepts has begun to emerge.  The definition 
for big data revolves around three concepts (the three V's); 
"Volume, Velocity, and Variety" [14].  Volume refers to the 
size of the information itself, the depth and breadth of data 
about a transaction or any point of interaction (from a data 
warehousing perspective, these are the facts and dimensional 
attributes associated with a business process or subject area).  
Velocity refers to the pace at which this information is 
generated (e.g. according to Jay Parikh, Facebook's vice 
president of infrastructure engineering, Facebook ingests 500 
TB data per day [15]).  Variety refers to the "incompatible data 
formats, non-aligned data structures and incompatible 
semantics (e.g. web click data, tweets, non-standard URLs, 
etc.)" that form a "barrier" to creating a single, static schema 
for data [14].  In data warehousing, this concept is sometimes 
referred to as semantic impedance mismatch.  This "mismatch" 
or "barrier" is a situation that both Kimball and Inmon have 
attempted to minimize or avoid with their methodologies.  Big 
data projects need to embrace the situation and address the 
issues more directly than data warehousing environments. 

Current trends for processing big data are built around an 
infrastructure of several interconnected open source projects 
(often referred to as an ecosystem) and a potentially large 
number of commodity-hardware machines (usually referred to 
as a cluster or data center).  Clusters can include tens, 
hundreds, or thousands of machines, data centers can contain 
multiple clusters, and organizations can conceivably contain 
multiple data centers.  The commodity hardware machines that 
make up these larger concepts are typically multi-core 
machines with several gigabyte of ram and several terabyte of 
disk space.  Although these machines are not slow or 
powerless, they are quite small compared to the large 
enterprise servers traditionally tasked with more centralized 
approaches.  Similarly, although these machines do not have 
worse-than-average reliability, the architecture expects failures 
to occur (simply due to the large number of machines and 
realistic expectations for mean-time-to-failure).  Therefore, the 
infrastructure embraces the ideas of massive parallelism (for 
performance) and reasonable redundancy (for performance and 
fault tolerance) at a reasonable cost. 

III. BIG DATA SCIENCE QUALITY ISSUES 

Like projects in a data warehousing environment, big data 
science projects work with data that might have been loaded 
from several different and dirty sources.  It is possible that the 
data might be merged into an integrated format for a big data 
project, but this not necessarily required.  Many big data 
technologies, such as MongoDB [16] support self-defining 
schemas also called schema-less databases.  The term "self-
defining schema" means that there are schema details 
(metadata) embedded in the file format, usually on a per-record 
basis.  This means that each record can represent more than 
merely another row in a table with a fixed schema, for 



example, it also enables columnar data formats.  This also 
enables each new record to potentially change the schema 
definition for that record.  For example, an Extensible Markup 
Language (XML) file contains the names of the entities and 
attributes as well as the content for each entry in the file.  This 
enables greater flexibility for the source file formats, however, 
this also can mean that integration is more complicated than 
traditional data warehousing or distributed database 
integration.  It is possible to use these formats for both the 
source data storage and the target data storage.  Because the 
schema is self-describing on a record-by-record basis, it is 
essentially schema-less (capable of changing dynamically as 
the file is processed).  This can also mean that the integrated 
target schema has little if any visibility outside the program 
code. 

A. Duplication, Fragmentation, and Location Issues 

Within a given big data science project, there can be several 
sets of data.  Similar to data warehouse environments, some of 
these sets might be capturing changes over time within the 
same data source (e.g. once a day, after the close of business 
the daily sales data could be extracted from the traditional 
OLTP point of sale system and loaded into a separate target 
data set for each day).  While extraction programs could 
attempt to minimize duplicating unchanged data across the 
loads, because the big data technologies do not behave like 
traditional RDBMS data sets, this can be time consuming and 
difficult to do with the big data technologies. 

In addition to potential duplication issues, across different 
big data science projects, it is possible that the same data sets 
might be extracted from (as a source data set) more than once.  
It is also possible that the same source might be transformed 
and loaded into more than one target data set, possibly using 
different programs, different schemas, and different 
transformations.  These different resulting data sets potentially 
contain different pieces of the original data set.  Similar to a 
distributed database system, the data has potentially been 
fragmented into different pieces, but unlike a DDBMS, there 
little if any visible documentation of the fragmentation details.  
As discussed in [9], a DDBMS would ensure that the 
fragments can be put back together without gaps or overlaps 
using one or more "reconstruction programs / plans".  But a big 
data system does not necessarily have any such guarantee.  If 
these source or target data sets are shared with multiple big 
data science projects, it can result in a confusing collection of 
very large, overlapping, interdependent data sets (similar to the 
issues that Inmon described as leading to data warehousing).  
Even if there are no reconstruction issues, there certainly is no 
support for fragmentation transparency; if a program queries 
the wrong attributes for a given data set, it will simply retrieve 
no values for those attributes, even if a different data set 
(fragment) might contain the requested attributes for the same 
source data records. 

Lastly, even if duplication and fragmentation issues are 
kept to a minimum, there is no standard mechanism for finding 
the correct semantic description, administrative details (e.g. 
date and time the extract occurred), or naming details (e.g. path 
and filename location) for a given set of data.  In distributed 
database terms, this means that there is little if any support for 

location transparency.  It is not difficult to specify the data set 
naming details as part of the run-time or deployment details for 
a big data science program, but this is not typically tied to the 
semantic or administrative metadata details mentioned.  These 
naming details are also often hard-coded into the command line 
or shell script used to control the execution; they are not 
typically provided in a more metadata-driven fashion. 

B. Stovepipes and Integration Issues 

Suppose two different departments (e.g.  Sales and 
Marketing), within the same enterprise, each decided to build 
their own data projects.  Further suppose that the Sales group 
defined the concept of a Customer as representing "anyone 
who has every bought our product", and defined attributes and 
relationships based upon their existing OLTP systems.  
Similarly, the Marketing group has defined Customer based on 
their perspective, as representing "anyone who has ever 
expressed interest in buying our product", and containing the 
attributes and relationships that their OLTP systems supported.  
As an organization, we would have a serious consistency issue.  
Simple analysis across the enterprise now suffers because we 
cannot obtain a single, consistent version of the truth (for 
example, the question "How many customers do we have?" 
will receive a different answer depending upon which data set 
we query).  The lack of communication (or building the data 
sets in isolation) is referred to as a "stovepipe", and it is a 
serious issue for any cross-department or enterprise-wide 
analysis.  The term "stovepipes" reflects the fact that other 
groups might choose to build off of one of these isolated 
groups, leading to several trees or graphs being built across the 
organization, supporting dependencies within each tree / graph 
but not across them. 

Data warehouse projects contain lifecycle processes and 
architectural components (such as the central data warehouse 
in [10] and [11], or the "matrix" in [12]), which prevent 
stovepipes from occurring.  Similarly, distributed database 
projects have processes and components to prevent or 
minimize stovepipe situations ([9] emphasizes the importance 
of the global conceptual schema, which is an integrated schema 
created my merging all the local schemas being combined 
across the enterprise by the DDBMS).  Because big data 
science projects do not necessarily have a lifecycle model 
process or architectural component that enforces consistent 
integration across the enterprise, a situation similar to the 
"stovepipes" can easily occur across big data projects.  Even 
when the situation is not as drastic as the previous example, 
issues with integration can be hidden (due to the lack of 
communication and coordination across the sets).  When this is 
combined with the location and duplication issues, the quality 
of the analysis can silently suffer. 

C. Additivity Issues for Multidimensional Analysis 

When analysis is performed on a set of data, we often use 
formulas and functions that process a large number of data 
values as input, while producing a lesser number of data values 
as output.  For example, we might produce a single output 
value representing the sum of hundreds, thousands or even 
millions of individual input values.  Similarly, we could 
perform a different operation on the same set (e.g. average, 



count, minimum value, or maximum value) to produce a single 
output based on numerous input values.  In data warehouse 
projects, these formulas and their output values are called 
aggregates. 

Ideally, the input values we feed to these aggregate 
formulas can be broken down further, i.e. rather than 
processing a large number of raw input values directly, we can 
often partition the input values, forming multiple, mutually 
exclusive subgroups of the original input set.  Then, instead of 
processing a single data set with a large number of individual 
elements, we can process several input data subsets, each 
containing a smaller number of elements than the original set. 

Often, we can repeat this partitioning process several times 
on the subgroups.  This results in a grouping of input values 
along a classification hierarchy of contextual values.  These 
contextual values surround the data being aggregated.  This is 
called dicing the data.  For example, suppose we calculated the 
total sales amount (one aggregate) calculated across all the 
individual sales amounts collected within the entire country 
(one set containing all the sales amounts in the entire country); 
here we have diced the data by country.  We could then break 
this analysis down again, by calculating several aggregates, 
grouping the sales according to the particular state within the 
country where the sale occurred (e.g. calculating fifty total 
sales amounts, one for each of the fifty states contained within 
the country).  This new example would be dicing the data by 
country and then by state, rather than simply dicing by country.  
Starting from a large category and recalculating for a subset 
within the same hierarchy is called "drilling down".  If we did 
the opposite (e.g. starting from the fifty aggregates, calculate 
the grand total for the entire country instead) we call it "rolling 
up". 

We could also selectively include or exclude some of the 
data values from these aggregate operations (e.g. excluding the 
sales of a particular brand of product, while still dicing by 
country and state); this is called "slicing".  We can perform 
these operations across different category hierarchies (called 
dimensions) at the same time, resulting in activities known as 
"slicing and dicing" the data.  This is a common and powerful 
technique for analyzing the data.  For example, in our analysis, 
we could recalculate the total sales amount aggregate, broken 
down by year, month or day, and then by county, city, or state.  
This is called multidimensional analysis.  It is the primary 
purpose behind data warehousing, and why data is modeled 
dimensionally within the data warehouse environment.  
Switching between different slice and dice operations can be 
easily implemented and visualized using a pivot table. 

As part of the dimensional modeling process, we identify 
each piece of data (called a fact) that might be aggregated 
versus each contextual detail (called a dimension attribute) that 
surrounds the fact.  We also determine whether there are any 
potential quality issues with the set of all possible slice and 
dice operations on a given set of facts and hierarchies of 
dimensional attributes.  In the dimensional model, we capture 
this information as metadata called the "additivity type", which 
is defined for each fact in the model. 

As explained in [18], a fact is additive for a given 
dimension "if the sum operator can be used to meaningfully 

aggregate values along all hierarchies in that dimension."  Each 
fact can be specified as fully-additive, semi-additive, or non-
additive, based on whether the fact is additive for all, some, or 
none of the dimensions surrounding it (respectively).  For 
example, a bank account balance is not additive across time.  
Suppose we had one hundred dollars in the account yesterday.  
Further suppose that we still have one hundred dollars in the 
account today.  If we summed the account balance across the 
two days, we would have a total of two hundred dollars, but 
that is not the total amount of dollars in the account!  Similarly, 
some facts can be non-additive, e.g. values that are not really 
numbers (e.g. zip-codes, phone numbers, dates).  Ratios 
provide a more subtle example of non-additive facts.  For 
example, suppose we recorded the "percentage full" for two 
fuel tanks of different sizes (e.g. 10 gallon versus 100 gallon).  
These ratios cannot be simply added, we would need to capture 
the numerator and denominator values separately and perform 
the correct mathematical function if we wanted to aggregate 
the percentage full. 

Big data science systems can also perform 
multidimensional analysis; however the data is typically not 
modeled dimensionally.  This means that facts and dimension 
hierarchies are not modeled and additivity is not specified for 
the facts.  Therefore it is possible for some piece of analysis 
within our overall analysis process to perform operations that 
are meaningless or misleading (such as adding the percentages 
or adding values across invalid groupings like the bank account 
example).  Based on the product view, we can argue that the 
quality of the subsequent analysis and the quality of the 
ultimate decisions made are damaged when we have bad 
quality due to additivity issues. 

D. Lineage and Version History Issues 

Unlike traditional OLTP systems and DDBMS systems, big 
data systems, tend to be non-volatile, similar to data 
warehousing environments.  This means that data 
modifications are captured in big data projects as a new version 
of the previous record, typically appended to the same data set 
or added to some newer data set (i.e. the old value is not 
updated in place or removed).  Unlike a data warehouse 
environment model, there is no lifecycle process or 
architectural component enforcing the time-variant property 
(data warehouses always include some form of date or time 
dimension).  Worse than that, there is no guarantee that the 
new version will be distinguishable from the old version (i.e. 
aside from the changed attribute values, we might not be able 
to recognize if this is a new version of an old record, a 
completely new record, or a corrupted and duplicate version of 
the old record).  If it is not handled appropriately, this situation 
could have dire consequences for the analysis.  As an extreme 
example, we might not be able to determine if a set of data 
contains 10,000 individual customers with one version each or 
if it contains 5,000 customers with 2 versions for each.  Real 
data scenarios would contain many more records, versions, and 
complex combinations of the possible situations. 

If any of the analysis produces surprising or unexpected 
results, our analysts might reasonably want to know where the 
results came from.  If they subscribe to English's description of 
data movement and evolution (described in [3] and [4]), they 



would want to trace all the transformations backward to the 
original data, and potentially examine the surrounding data and 
metadata at each stage along the way.  In data warehousing, 
this is called tracing the data lineage, and it can be supported 
using standard data warehousing constructs and techniques.  
However, data lineage is not necessarily captured in big data 
projects, and not directly represented in the analysis results, 
data sets, or associated metadata.  This means that questionable 
or unexpected results can be difficult or impractical to verify 
and validate. 

IV. STRATEGIES FOR POTENTIAL SOLUTIONS 

If one or more of the issues mentioned in the previous 
sections are present among our collection of big data science 
projects, how can we address these issues?  The primary cause 
for the issues mentioned is lack of metadata management 
integration.  There are other considerations necessary, but the 
lack of metadata capture and visibility combined with the three 
V's make it very difficult to manage the complexities that can 
lead to bad big data science quality.  In general, the solution to 
each of the issues mentioned will require a combination of 
architectural components, underlying technology, and human 
software processes.  The issues identified in previous section 
followed a natural order for discussing the issues.  The 
strategies for addressing those issues will be presented an order 
based on the recommended implementation order.  The 
strategies will consider the issues in this different configuration 
and order to allow the strategies to build incrementally upon 
one another chronologically. 

A. Addressing Location Issues 

A simple metadata catalog could be implemented in a small 
database to capture data set location and semantic details.  
Although the size and complexity of our big data sets is too 
much for a RDBMS to handle, the set of names, purposes, and 
file locations for these data sets is easily manageable.  While it 
is not strictly necessary to use a relational database, the 
RDBMS technology can provide application independence, 
integrity, concurrency, durability and fallback facilities for the 
metadata needed to capture location details and support 
location transparency.  A simple set of database operations can 
replace the hard-coded parameters used by our programs or 
shell scripts. 

B. Addressing Fragmentation Issues 

Fragmentation issues are more complicated.  The variety of 
our data set schema (schema-less and self-describing schemas) 
make this more difficult than traditional systems.  However, we 
could begin by creating a metadata schema capable of 
capturing and documenting the fragmentation details.  This 
would be similar to the fragmentation details captured in the 
global conceptual schema discussed in [9], but it would need to 
be more flexible and adaptable.  In particular, it might need to 
be populated during the development of the data extraction and 
loading programs, based on the actual data (and schema) 
encountered.  Ideally, this would be populated during 
development and used to drive the programs; but initially we 
could simply populate it based on the existing programs.  This 
fragmentation metadata would need to connect to metadata 

from the source systems as well as the location metadata 
mentioned in the previous section.  Implicitly that means that 
we must also define a schema capable of capturing the data 
dictionary details from the source systems (or the equivalent 
metadata information).  If we have populated the source 
schema, destination location schema, and fragmentation 
schema, we have created something similar in its function to 
parts of both a DDBMS global conceptual schema and a data 
warehouse transformation and mapping metadata management 
system. 

C. Addressing Duplication / Replication Issues 

Once the data set location and fragmentation metadata 
schemas have been defined, we can extend them to support 
capture of replication details.  I am using the term duplication 
to refer to situations where two or more data sets contain the 
same content and schema, but not through any intentional or 
coordinated effort.  By contrast, I will use the term replication 
to refer to this planned and coordinated redundancy.  By 
intentional replication, I am claiming that we can ensure 
synchronization between the replicas; unintentional duplication 
might be synchronized or not synchronized (since it is 
unplanned and uncoordinated by definition). 

Ideally, we would evolve the system to replace all 
duplicates with replicas, plan and populate the replication 
metadata from the top down, and use it to implement metadata 
driven control of our processes.  However, initially, we might 
need to manually define and populate duplication metadata 
based on details reverse engineered our existing processes and 
data sets.  We could then manually generate the replication 
details based on analysis of the duplication metadata.  This 
initial population does not initially provide a direct benefit to 
the applications involved, but it can help the developers and 
administrators to evaluate the existing data set quality, identify 
potential issues, and possibly identify opportunities for future 
reuse among the data sets and processes. 

If we had not done so earlier, now would be a good time to 
consider the definition and population of a metadata schema 
for capturing process dependencies and other associated 
metadata.  We could then consider implementing 
synchronization controls based on replication and duplication 
details.  Population of this metadata could be integrated into 
post-processing for our existing programs, or implemented as a 
separate task based on the software and script designs and 
implementations.  This metadata could then be expanded to 
include performance and tuning details to support more 
sophisticated optimization of out processes. 

D. Addressing Stovepipes and Integration Issues 

Stovepipes and integration issues occur when we do not 
have sufficient capture, visibility and control over the mapping 
details for our data sets.  This lack of control and vision can 
potentially lead to isolated sets of data with incompatible 
understandings and transformations for our data.  If we have 
implemented the location, fragmentation, and replication 
control mentioned in the previous sections, we can consider 
analyzing the fragmentation details and identifying the 
potential conflicts.  This does not solve the integration issues, 
but it does allow us to recognize when they are present and 



when they are resolved.  Similar to the replication discussion, 
for each integration conflict, we would need to manually 
reverse engineer the correct integration plan, implement the 
processes, convert the data, and capture the details to ensure 
that the issue is resolved.  While we can augment the 
fragmentation schema to include support for a top-down 
definition of fragmentation (analogous to the reconstruction 
program from [9]), we would need to manually define and 
implement these changes.  If we have a large number of data 
sets, and we have existing fragmentation with a significant 
amount of gaps and overlaps, this can require a large effort to 
resolve. 

E. Addressing Additivity Issues for Multidimensional Analysis 

Additivity can be an extremely subtle concept, even within 
a data warehouse environment.  It relies on an understanding of 
the underlying scale type (see [19]) for the data, but also more 
subtle understanding of the semantics of the data being 
aggregated.  In data warehousing, the data being aggregated are 
called facts, the contextual data surrounding the facts are called 
dimensions, and they are organized in structures called 
dimension hierarchies.  Data quality issues can also destroy 
additivity (e.g. duplicate and missing values for a hierarchical 
value can cause bad analysis).  Even if we have successfully 
addressed the issues from the previous sections, we might not 
be able to completely address additivity issues, but we could 
potentially try to capture dimension hierarchies among the 
attributes in our big data sets.  If we have already addressed the 
stovepipe issues, we might be able to define dimension 
hierarchies based on the agreed upon definition for all the 
attributes (after removing the integration issues).  This could be 
captured in a simple metadata schema, similar to the metadata 
storage used in a data warehouse environment for dimension 
hierarchy and fact additivity details.  Solving additivity issues 
still relies on manual population of the metadata, and manual 
evaluation of queries that potentially violate the additivity.  
Therefore, this approach is not really tailored to the big data 
environment, and is not guaranteed to work for all projects or 
data sets. 

F. Addressing Lineage and Version History Issues 

Implementing the fragmentation and replication metadata 
in the previous sections can be used as a foundation for storing 
lineage metadata, at least within the big data sets.  Lineage 
metadata for the data systems used as a sources are not 
necessarily present.  Therefore, just like a data warehouse 
environment, we might need to accept imperfect lineage 
details, or improve the production systems to keep track of 
these metadata details.  Providing support for proper version 
history is analogous to data warehousing's slowly changing 
dimensions strategies, as discussed in [10], [11], and [12].  
Implementing these strategies in combination with support for 
additivity and multidimensional analysis would require each 
data set to include additional keys for the hierarchy levels (to 
support proper population of the versions within a hierarchical 
dimensional representation).  The more extensive change 
would be the additional processing and adjustments that would 
need to be added to the extraction, cleansing, loading, and 
analysis processes.  These changes would be needed to ensure 
that multiple versions do not cause incorrect analysis (e.g. 

preventing improperly identifying two versions of one 
customer as two customers). 

V. CONCLUSIONS AND FUTURE DIRECTIONS 

Not all quality issues can be addressed within the scope of a 
single paper, metadata model, or process lifecycle model.  Big 
data science projects are large distributed systems with 
complex data sets and sophisticated analysis processing.  In 
this paper, the suggested strategies for addressing potential 
quality issues would result in additional complexity, but 
hopefully the resulting quality would be improved by these 
changes.  It is possible that these changes might ultimately lead 
to some simplifications in other areas. 

A. Summary 

This paper considered the potential big data science quality 
issues, by focusing on quality issues with the input data sets 
and the processes used to transform these distributed, 
autonomous sets into an integrated big data set.  The strategies 
presented here began by considering traditional quality 
concepts and examining how similar quality issues have been 
addressed in relational database, distributed database, and data 
warehousing environments.  Big data science quality is a 
sophisticated concept to measure.  It involves many data sets, 
metadata sets, processes, stages, people, and points of view.  
We can evolve our ability to measure quality by evolving our 
system to prevent some of the potential causes of bad big data 
science quality.  The primary causes behind the issues 
identified in this paper included the underlying complexity of 
the data sets and analysis themselves, the potentially 
uncoordinated data management and software development 
processes, the minimal visibility for potential problems, and 
the lack of metadata integration and management.  Solution 
strategies were suggested based on incrementally adding 
metadata capture, population, and management to the data sets 
and software systems.  These strategies also require 
modifications to the human processes used to develop and 
manage the data, metadata, and programs for these projects. 

B. Future Directions 

A more detailed design of the metadata models discussed in 
the strategies has not been created yet.  Tools to enable better 
metadata capture and metadata driven extraction, 
transformation, loading, and analysis has not been explored.  
Some existing data warehousing tools can connect to big data 
sets, but they have not been designed to address the big data 
issues described in this paper.  These strategies have not been 
tried on any real world big data science projects.  All of these 
would be potential starting points for additional research. 

REFERENCES 

 

[1] D. Garvin. What does "product quality" really mean? Sloan 
Management Review (Pre-1986) 26(1), pp. 25. 1984. 

[2] Kitchenham, B. and S. L. Pfleeger. "Software Quality: The Elusive 
Target Special Issues Section]." Software, IEEE 13 (1): pp.12-21. 
doi:10.1109/52.476281. 



[3] L. P. English. Improving Data Warehouse and Business Information 
Quality: Methods for Reducing Costs and Increasing Profits 1999. 

[4] L. P. English. Information Quality Applied: Best Practices for 
Improving Business Information, Processes and Systems 2009. 

[5] J. S. Saltz. The need for new processes, methodologies and tools to 
support big data teams and improve big data project effectiveness. 
Presented at Proceedings of the 2015 IEEE International Conference on 
Big Data (Big Data). 2015, Available: 
http://dx.doi.org/10.1109/BigData.2015.7363988. DOI: 
10.1109/BigData.2015.7363988. 

[6] J. S. Saltz and I. Shamshurin, “Exploring the process of doing data 
science via an ethnographic study of a media advertising company,” 
2015 IEEE International Conference on Big Data (Big Data). Institute of 
Electrical and Electronics Engineers (IEEE), Oct-2015. 

[7] P. Chen Pin-shan. The entity-relationship model—toward a unified view 
of data. ACM Transactions on Database Systems (TODS) 1(1), pp. 9-36. 
1976.. DOI: 10.1145/320434.320440.  

[8] E. Codd. A relational model of data for large shared data banks. 
Communications of the ACM 13(6), pp. 377-387. 1970. DOI: 
10.1145/362384.362685.  

[9] S. Rahimi, F. S. Haug and I. C. Society. Distributed Database 
Management Systems: A Practical Approach (1st ed.) 2010.  

[10] W. H. Inmon. Building the Data Warehouse (4th ed.) 2005. 

[11] W. H. Inmon, William, D. Strauss, and G. Neushloss, DW 2.0: The 
Architecture for the Next Generation of Data Warehousing 2008. 

[12] R. Kimball, M. Ross, and W. Thornthwaite, The Data Warehouse 
Lifecycle Toolkit (2nd ed.), 2008. 

[13] F. Chang, J. Dean, S. Ghemawat, W. C. Hsieh, D. A. Wallach, M. 
Burrows, T. Chandra, A. Fikes and R. E. Gruber. Bigtable: A distributed 
storage system for structured data. Presented at In Proceedings of the 7th 
Conference on Usenix Symposium on Operating Systems Design and 
Implementation - Volume 7. 2006. 

[14] D. Laney "3D data management: controlling data volume, velocity and 
variety." Internet: http://blogs.gartner.com/doug-
laney/files/2012/01/ad949-3D-Data-Management-Controlling-Data-
Volume-Velocity-and-Variety.pdf, Feb. 6, 2001, [Sep. 29, 2016]. 

[15] D. Tam, "Facebook processes more than 500 TB of data daily." Internet: 
https://www.cnet.com/news/facebook-processes-more-than-500-tb-of-
data-daily/, Aug. 22, 2012, [Sep. 29, 2016]. 

[16] H. Abbes and F. Gargouri. Big data integration: A MongoDB database 
and modular ontologies based approach. Procedia Computer Science 96, 
pp. 446-455. 2016. DOI: http://dx.doi.org/10.1016/j.procs.2016.08.099. 

[17] O. Hajoui, R. Dehbi, M. Talea and Z. Batouta. An advanced 
comparative study of the most promising nosql and newsql databases 
with a multi-criteria analysis method. Journal of Theoretical and Applied 
Information Technology 81(3), pp. 579-588. 2015.  

[18] J. Horner, I. Song and P. Chen P. An analysis of additivity in OLAP 
systems. Dolap '04 pp. 83-91. 2004. DOI: 10.1145/1031763.1031779. 

[19] S. S. Stevens. On the theory of scales of measurement. Science 
103(2684), pp. 677-680. 1946. Internet: 
http://www.jstor.org/stable/1671815.. 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


