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Abstract 

Often interesting structured or semistructured data is 
not in database systems but in HTML pages, text files, 
or on paper. The data in these formats is not usable 
by standard query processing engines and hence users 
need a way of extracting data from these sources into 
a DBMS or of writing wrappers around the sources. 
This paper describes NoDoSE, the Northwestern Docu- 
ment Structure Extractor, which is an interactive tool 
for semi-automatically determining the structure of such 
documents and then extracting their data. Using a GUI, 
the user hierarchically decomposes the file, outlining its 
interesting regions and then describing their semantics. 
This task is expedited by a mining component that at- 
tempts to infer the grammar of the file from the in- 
formation the user has input so far. Once the format 
of a document has been determined, its data can be 
extracted into a number of useful forms. This paper 
describes both the NoDoSE architecture, which can be 
used as a test bed for structure mining algorithms in 
general, and the mining algorithms that have been de- 
veloped by the author. The prototype, which is written 
in Java, is described and experiences parsing a variety 
of documents are reported. 

1 Introduction 

The amount of useful semistructured data [Abi97] on 
the web continues to grow at a torrid pace. Users would 
like to gain conventional database system functionality 
on this data such as sophisticated querying and report- 
ing. This has spurred a recent flurry of work [KWD97, 
AK97a,HGMC+97] on generating wrappers around such 
sources, either manually or with software assistance, to 
bring the new data within the reach of general query 
tools. It is important to note, however, that a vast quan- 
tit,y of semistructured data stored in electronic form is 

*Northwestern University Computer Science Department. 
Email: adelbergOcs.nwu.edu. Address: 1890 Maple Avenue, 
Evanston IL 60201. Telephone: (847) 467-2129. Fax: (847) 
491-5228. 

Permission to make digital CI~ hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that 
copies are not made or distributed for profit or commercial advsn- 
tage and that copies bear this notice and the full citation on the first page. 
To copy otherwise, to republish. to post on servers or to 

redistribute to lists, requirss prior specific permission and/or a fee. 
SIGMOD ‘98 Seattle, WA, USA 

8 1998 ACM 0.89791-995-5/98/006...$5.00 

not in highly formatted HTML pages but in text files 
on local file systems. Examples are mail files, code and 
code documentation, configuration files, logs of program 
activity, phone lists, etc. Further, there is a huge collec- 
tion of semistructured information in print, that when 
scanned and OCRed will be in a plain text file, not one 
with HTML tags. Thus if we want to extract all of the 
data that’s important to users through a query inter- 
face, we need to focus on something more general than 
HTML files - plain text files. Since HTML files are a 
special case of text files, a tool that handles text files 
will also handle HTML files. 

Extracting information from text files is harder than 
for HTML files for three reasons: 

1. Since text files do not generally contain markup 
tags, there are usually fewer structural clues and 
those that are present are not known a priori. 

2. Not all of the structural elements will be separated 
by markers (such as tags). Thus an extraction tool 
may have to consider parsing rules such as “list el- 
ements are exactly three lines long” as opposed to 
HTML where they begin after <li> and end before 
another list tag or an end list tag (i.e. </ul>). 

3. Now that most HTML pages are composed using 
authoring tools, their format (e.g. spacing, capi- 
talization, etc.) is very regular. Many text files, in 
contrast, are typed by humans and are thus less 
regular and may contain errors. Also, text files 
scanned from documents will almost undoubtedly 
contain misrecognized characters. 

Given the complexity of parsing general text files, the 
likelihood of a fully automatic extraction system like 
those proposed for HTML files [KWD97] seems remote. 
With no clues about the format of a document, the sys- 
tem will not be able to differentiate useful data from 
junk. We note, however, that a few clues can go a long 
way: If a user indicates a few of the regions of a docu- 
ment that are interesting it may be possible to identify 
similar regions automatically. 

Thus the approach we have taken is to build a semi- 
automatic system, one that cooperates with the user to 
extract the data. Figure 1 illustrates how the process 
would work. The input to the extractor is a set of text 
files (documents) that are instances of the same doc- 
ument type. For example, the files might be reports 
generated by a weekly file backup program for the past 
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year. Using a GUI, the user hierarchically decomposes 
the files, outlining their interesting regions and then de- 
scribing their semantics. This task is expedited by a 
mining component that attempts to infer the grammar 
of the file using the information the user has input so 
far. A detailed example of this process is presented in 
Section 2. 

Once the format of the document type has been de- 
termined and verified by successfully parsing all of the 
input documents, the extractor should be able to gen- 
erate different types of output: 

1. Using a simple interactive report generator, the 
user could filter the data from the input docu- 
ments and write it out in a new format. For exam- 
ple, the user may want to convert the input into a 
comma delimited file suitable for importation into 
a data analysis program or spreadsheet. 

2. If the extracted data is to be stored in a database, 
a schema file (if the data is structured) and a load 
file suitable for the load utility that comes with 
the DBMS can be generated. 

3. If the input documents are to be exposed through 
a query interface, the Lex and Yacc code needed 
by a wrapper can be generated. 

In this paper we describe the design and implemen- 
tation of this extraction tool - NoDoSE, the North- 
western Document Structure Extractor. We cover both 
the NoDoSE architecture (in Section 3), which can be 
used as a test bed for structure mining algorithms in 
general, and the algorithms for inferring parsing rules 
that we have developed (in Section 4). A first version 
of NoDoSE has been implemented and is described in 
Section 5 along with a description of our experiences 
using it to extract data from a variety of documents. 

2 Example 

To illustrate the use of NoDoSE we consider the problem 
of analyzing the results of simulation experiments. Al- 
though recent work on data extraction [KWD97,AK97a, 
HGMC+97] has focused on web pages, we choose simu- 
lation output here since it is meant to be human read- 
able and not program readable. Thus it has fewer struc- 
tural clues (such as tags) and is more difficult to de- 
termine parsing rules for. Also, we anticipate that a 
system capable of inferring parsing rules for plain text 
documents will be able to handle HTML documents as 
well. 

An example of simulator output (which was gener- 
ated by DeNet [LivSO]) is shown in Figure 2l. Most 
tools for storing and analyzing data, such as database 

‘The output as shown is slightly modified from the origi- 
nal. For illustration purposed, node results relating to confi- 
dence intervals were removed since they cannot be represented 
as a <average,stdev,num> triple. NoDoSE can parse the original 
files if a different data model is chosen. 

DeNet(Vl.6) simulation started on Mon Sep 6 14:41:... 
. . . 
Attributes of node t 0 (Principal) 

8 imTime - 6.OOOOOOE+02 
Attributes of node # 1 (usource) 

arrivalRate - 2.000000E+02 
meanSkewL - l.OOOOOOE-01 
meanSkewH - 1.000000E-01 

Attributes of node # 5 (tsink) 
batchSize - 100 
ConfidenceLevel - 9.500000E-01 
confidenceInterval - 1.000000E+00 

Sample Results Node X 1 (usource) 
1 numUpdates - (avg) 1.000000E+00 - (std) 

0.000000E+00 - (num) 100431 
Sample Results Node X 2 (tsource) 

2 numJobs - (avg) 1.000000E+00 - (std) 
0.000000E+00 - (num) 2456 

. . . 
Sample Results Node # 5 (tsink) 

6 misDL - (avg) 9.2953lSE-01 - (std) 2.669869E-01 
- (mm) 2456 

6 missedstale - (avg) 9.2953153-01 - (std) 
2.5698693-01 - (num) 2465 

DeNet(Vl.6) simulation terminated on Mon Sep 6 14:... 
Total CPU usage 0.896 Minutes. (user 0.894... 

Figure 2: Simulation output example. 

systems, spreadsheets, and plotting programs, cannot 
handle files this complicated. Instead, the output file 
must be converted into a more regular file (i.e. tabular) 
before it can be processed. Typically, this conversion is 
performed by a hand-coded program in awk, sed, perl, 
or some other scripting language. Using NoDoSE, the 
conversion can be performed quickly and without any 
coding expertise. 

There are three steps to the conversion process: 

Decide on how to model the data in the docu- 
ments. 

Hierarchically decompose the files, mapping re- 
gions of the files into components of the chosen 
model. 

Specify how the extracted data is to be output. 

We describe each of the three steps in the sections below. 

2.1 Modeling the documents 

Before extracting data from the documents the user 
must decide how to model the data. One possibility 
for the data, and the one that will be used in this ex- 
ample, is shown in Figure 3. Documents are of type 
SimulationRun and contain three top-level components: 
a timestamp, a list of input parameters for each simula- 
tion node, and a list of measured results for each node. 
The parameters for each node (part of NodeParams) are 
represented as a list of <name,value> pairs. This has 
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interface 
attribute 
attribute 
attribute 

NodeParams ( 
int node-number; 
string node-name; 
List<Struct OneParam (string name, 

string value)> parameters; 
1 
interface 
attribute 
attribute 
attribute 

NodeResults ( 
int node-number; 
string node-name; 
List<Struct OneResult {string name, 

real average, real std, 
int num)> results; 

) 
interface 
attribute 
attribute 
attribute 
1 

Simulat ionRun C 
String timestamp; 
List<NodeParams> node-params; 
List<NodeResults> node-results; 

Figure 3: Example schema for the simulation output. 

Collection of 
similar documents 

---------I 

Figure 1: User level architecture. 

the benefit of a very regular structure but the disad- 
vantage that the type information about parameters is 
being lost since every value is modeled as a string. The 
structure is so regular, in fact, that the output of any 
simulator written in DeNet can be modeled using this 
schema. Although there are other possible models for 
the simulation data, due to space constraints we cannot 
present them here. 

2.2 Decomposing the documents 

The decomposition process begins by loading a single 
document into NoDoSE. The user then hierarchically 
decomposes the document using a GUI. Next additional 
documents of the same type are loaded in to the sys- 
tem and automatically parsed. Any errors are corrected 
by using the GUI and reparsing. The process is com- 
plete when all of the documents have been successfully 
parsed. 

The first step in decomposing a document is indicat- 
ing its top level structure, in this case a record of type 
SimulationRun. Next, we add each of its three fields 
(timestamp, node-params, and noderesults) by select- 

ing the relevant portion of the text in the document 
window and clicking on the add structure button in the 
tool bar (Figure 4). The type, type name, and label 
of each field can be entered using the controls on the 
bottom portion of the window. Since node-params and 
node-results fields are complex types (lists), the decom- 
position process must continue. 

Suppose the user chooses to decompose the list of 
node results next. Double-clicking on that node in the 
tree view panel will display only the portion of the doc- 
ument mapped to the noderesults list. The user then 
selects the text of the first element of the list (the first 
two lines) and adds this as a structure. Next, the second 
element of the list is added. Figure 4 shows a snapshot 
of the interface at this point. The user could continue 
to add every element in this manner but this would be- 
come tedious if there are many elements. Instead, the 
user can ask NoDoSE to try to infer the remaining ele- 
ments by mining the text. If the tool mistakenly identi- 
fies elements the user can correct a few of the errors and 
ask that the text be remined. In this way, the correct 
grammar for the component will eventually be learned. 
Once it is, NoDoSE is able to identify all of the other 
elements of the list correctly. 

The decomposition process continues since each ele- 
ment of the node results list is a record of type NodeRe- 
sults. Any of the list elements can be selected and its 
fields added. As before, the user does not have to de- 
compose every element by hand. Once a few elements 
(in this case, one) have been decomposed, the miner 
can be again invoked to decompose every record of type 
NodeResults. The process continues until all of the 
leaves of the document tree are atomic types. 

After the grammar for a particular file has been de- 
termined, NoDoSE is loaded with all of the other files 
of the same type. These are automatically parsed using 
the grammar inferred from the first file. It’s possible, 
though, that parsing fails on one of the additional files 
for one of two reasons. First, the additional file may 
contain an error such as a mistyped field name or an 
OCR error. In such a case, the user can correct the 
error through the GUI but the grammar does not need 
to be updated. The second reason why parsing may fail 
is that the additional files contain something that was 
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not present in the first file parsed. For example, sup- 
pose that the second file comes from a newer version of 
the simulator that measures and outputs an additional 
value. NoDoSE may fail to recognize the new field, in 
which case the user must correct the parsed tree of the 
new file, describing the new field using the GUI as be- 
fore. The extractor will then update its grammar to ac- 
count for the new field so that future files will be parsed 
correctly. 

2.3 Outputting the extracted data 

The final step of the conversion process is to specify 
how to output the data that has been extracted from 
the parsed files. As shown in Figure 1 and discussed 
in Section 1, different options are supported. At the 
present, data can be either output as a text file using 
a GUI based report generator or in OEM [CGMH+97]. 
Schema information can be written out in ODL. 

3 System Architecture 

This section describes the internal architecture of No- 
DOSE in two parts: it first describes how the structure 
of documents is represented and then gives an overview 
of the components that comprise the system. 

3.1 Document Model 

Externally, documents are represented as flat files which 
serve as the input to NoDoSE. Internally, however, we 
need to be able to store information about the structure 
of the documents. Hence for every file that is loaded 
by the user, NoDoSE maintains a tree that maps the 
structural elements of the document to the text of the 
file (Figure 5(a)). Each node of the tree represents one 
of the structural components of the document such as 
an element of a list or a field in a record. The following 
are the most important values stored in each node: 

typeName - Every node in the tree, and thus every 
component of a document, must be of either an 
atomic type or a named composite type. Details 
of the type system supported by NoDoSE are de- 
scribed below. 

startoffset, endoffset - These values indicate the 
portion of the file that corresponds to the struc- 
tural component. For non-root nodes, the offsets 
are relative to the start of the parent node’s re- 
gion. 

label - The field is required for the children of record 
nodes to indicate which field the node represents. 
Labels can also be used to represent data in a 
schema-less model such as OEM [CGMH+97]. 

To clarify the mapping process, consider the single 
line file in Figure 5(a), which can be viewed as a list 
of names, each name being composed of a first and last 
name. This structure is represented by the tree shown 

in Figure 5(b). The root of the tree represents the whole 
document and is mapped to the entire file. The root is of 
type Dot which is a list of objects of type Name. It has 
three children, each corresponding to one of the names 
in the list, and in the same order as the corresponding 
names appear in the document. Each child is of type 
Name, which is a structure with fields for the first and 
last name. Of course each node has a different pair of 
offset values to indicate where in the text the element 
is. 

Finally, each node of type Name has two children 
corresponding to the two fields in the record. Each child 
is of type String which is atomic and hence they have no 
children themselves. Also, each child node has a label 
that identifies which field of the parent node it contains 
the value for. Note that all of the firstName nodes have 
a start offset of 0. This is because offset are relative to 
the parent node’s text (and, in this case, the first name 
value begins every list element). 

Every node in a document tree must be associated 
with a particular type. NoDoSE predefines six atomic 
types: Integer, Float, String, Date, EmailAddress, and 
URL. Additional atomic types can also be added - the 
user need only supply a name. Complex types can be 
defined as well using the following common type con- 
structors: 

1. NewType = Set<OldType>, 

2. NewType = Bag<OldQpe>, 

3. NewQpe = List<OldType>, 

4. New!Pype = Record{OldTypei fieldName1, 
OldType:! fieldNamez,...}. 

Note that only singly nested types can be defined in a 
single step. So defining the type List<Record{String 
first, String last}> would require two new types, one 
for the record and one for the list. 

In addition to the structured type constructors, No- 
DOSE provides an analogous set of constructors for semi- 
structured data: SemiSet<>, SemiBag<>, SemiList<>, 
and SemiRecord{ fieldNamel,fieldName2,...}. These 
constructors do not restrict the type of their compo- 
nents so, for example, all of the elements of the list do 
not have to be of the same type. 

Having covered the type system we can now define 
what constitutes a legal document tree. For a tree to 
be legal all of its nodes must be legal. A node n is legal 
if and only if all of the following conditions hold: 

1. if n is an instance of an atomic type it cannot have 
any children; 

2. if n is an instance of a structured collection (List, 
Bag, or Set) all of the children of n must have the 
same type; 

3. if n is an instance of a Record type defined as 
the set of fields F = {< tl, fl >, < 62, fz >, . . . . < 
t,, f,,, >} and n has the children Cl, cz, . . . . ck: 
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Add Del. Del. Del. Document Document 

numupdates-(avg 

-(stu) 0.000000E+00- (ni 

Figure 4: Screen shot of NoDoSE after a few steps. 

(a) (Vi)[< ci.typeName,ci.label >E F], 

(b) (Vi,j)[(l 5 i 5 Zc) A (1 5 j < Zc)A 
(ci.fieZdName = cj.fieldName) + (i = j)]. 

4. if n is an instance of a SemiRecord type defined 
as the set of fields F = {fl, fz,..., fm} and n has 
the children cl, cs, . . . . ck: 

(a) (Vi)[{ci.ZabeZ} E F], 

(b) (Vi,j)[(l L: i 5 k) A (1 5 j 5 Zc)A (ci.ZabeZ = 
cj.ZabeZ) + (i = j)]. 

5. let p be the parent of n, 1 its left sibling, and T- its 
right sibling. The following must hold: 

(a) 0 < n.startOffset < n.endOffset 5 parLen 
where parLen is taken to be p.endOffset - 
p.startOffset if p exists and the length of the 
document otherwise; 

(b) if 1 exists, Z.endOffset 5 n.startOffset; 

(c) if r exists, n.endOffset 5 r.startOffset. 

It is the responsibility of the Instance Manager and Doc- 
ument Manager, described below, to ensure that every 
tree instance is legal. 

3.2 Components 

NoDoSE is intended to be a test bed for studying the 
data extraction problem. Thus, rather than build a 

monolithic tool and force other researchers to read thou- 
sands of lines of source code, we’ve designed the system 
as a set of components (Java Beans) that communicate 
through interfaces. Any of the components can be re- 
placed independent of the others, and for certain types 
of components, more than one can be instantiated at 
any given time. 

Figure 6 shows most of the components in NoDoSE 
and how they interact, The reporting component has 
not been shown in the interest of readability but will 
be discussed below. Most of the components provide 
the basic infrastructure for the system: reading files, 
maintaining document trees and type information, and 
supporting undo/redo. We expect that these compo- 
nents, which we collectively call the support components, 
will rarely be the subject of experimentation. The re- 
maining three components are those most likely to be 
changed: the structure miners, the report generators, 
and the GUI. 

Allowing third parties to build components that mod- 
ify the data is dangerous since they may accidentally 
violate constraints. For example, a GUI may allow the 
user to add a child to an atomic type. To avoid these 
problems we have adopted the model-view-controller 
[Gol90,KGP88] paradigm. The model, which stores the 
data and enforces constraints, is maintained by the sup- 
port components. The other three components types, 
Reporters, Miners, and GUIs, all provide views of the 
data in the model. In addition, the miner and GUI 
both serve as controllers since they modify the data. 
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N,ame s :,J o hn ,Sm,i t h ,fU,a,r,y, ;W,i,l,s,o,n,,,F,r,a,n,k, y,h,i,t,e 
I I I I I I I 

0 5 10 15 20 25 30 35 40 

(a) Example file. 

typeName = Dot r-7 startOffset = 0 
endoffset = 40 Record (String first, String last) 

startoffset = 0 

(b) Document tree for example file. 

Figure 5: Representation of a document. 

This must be done through the model, however, which 
guarantees that no constraints can be violated (or an 
exception is raised). 

Because there can be many views on the model, the 
core components also serve as event sources, notifying 
other interested components when data changes. For 
example, the type manager generates events whenever 
an instance of a type is added or deleted. The mining 
component described in Section 4 uses this notification 
to incrementally maintain its statistics about a given 
type. 

Below we describe all of the components of the sys- 
tem. Details of the version 1.0 implementation can be 
found in Section 5. 

File Manager - Enables sections of a file to be read or 
modified by the other components. Modifications are 
not performed directly on the original file; a separate 
file of changes is maintained. This ensures that No- 
DOSE cannot corrupt an input file and that it can work 
with read-only files or files residing on remote machines. 
There is a one to one mapping between file managers 
and files. 

Instance Manager - Maintains the document tree for 
a file, providing all of the basic tree manipulation op- 
erations, such as node insertion and deletion. It also 
provides methods that map the tree to the file or vice 
versa. For example, when a user double clicks in the 

typeName = String 
startoffset = 0 
endoffset = 5 
label = first 

startoffset = 6 

document text panel, the GUI can use the instance man- 
ager to find the tightest bounding node for the point in 
the file so that it can display its type information. A 
particular instance manager stores only a single tree so 
every file must have its own. 

Document Manager - Maintains information about a 
class of document (i.e. the output of a particular simu- 
lator). In particular, it stores a list of all of the files of 
a particular document class, as well as information on 
all of the types used in the files. The document man- 
ager stores four pieces of information for each type in 
the system: its name, its definition, a list of all of the 
nodes of the type, and a list of observers, which are the 
components that want to be notified when any of the 
type information changes. 

Log Manager/Transaction Manager - Supports user 
undo/redo. 

Structure Miner - Attempts to automatically deter- 
mine how to parse a given node type. This component 
is described in much more detail in Section 4. 

GUI - Unlike in many systems, the GUI in NoDoSE 
is truly a replaceable component. In fact, we have de- 
veloped an alternate user interface specifically for struc- 
tured document. 
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Figure 6: Internal architecture. 

Reporter - Outputs extracted information, usually as 
a report, a load file, or as information needed by a wrap- 
per generator. Multiple Reporter components can be 
active within one system to give the user different out- 
put options. 

4 Mining for Structure 

This section describes the two mining/parsing compo- 
nents that have been implemented so far: one that 
mines text files and one that parses HTML code. Both 
components are limited in scope; The text miner only 
handles structured types and the HTML parser does not 
handle frames or other advanced features. Despite their 
limitations, however, we have been able to extract data 
from an interesting set of documents. Further, building 
two different mining components has forced us to ensure 
that the interfaces exposed to the mining components 
are powerful enough and clean enough to support dif- 
ferent algorithms. 

4.1 Plain text miner 

The component described in this section attempts to 
determine the parsing rule for instances of a type. The 
particular type being mined in any invocation is called 
the target type. For this first version of NoDoSE, we 
chose to concentrate on mining structured types (Set, 
Bag, List and Record) since the type of the children 
nodes are known by definition. After we develop robust 
algorithms for this mining problem we plan to study the 
mining of semistructured types. 

Another simplification in the current version is that 
we use the same algorithm for all of the collection types 
(Set, Bag, and List) since the semantic differences be- 
tween them are rarely noticeable at the level of the for- 
mat of the text file. Thus, for the remainder of the sec- 
tion, when we discuss mining Lists our comments will 
be equally valid for mining any collection type. 

The algorithms for mining lists and records are both 
based on the same overall three step strategy: 

Theory generation - Create a set of theories for 
how to parse the instances of the target type. For 
a list type, a simple theory is LLeach element will 
be separated by a comma”. 

Theory evaluation - For each theory under con- 
sideration, 

(4 

(b) 

Parse every node that is an instance of the 
target type (a list of which can be retrieved 
from the Document Manager) to generate a 
list of predicted children nodes. 

Compare the predicted nodes to the nodes 
that are actually present in the document 
trees. Count the number of nodes in the doc- 
ument trees that were not predicted, which 
we call false negatives, and the number of pre- 
dicted nodes that cannot possibly be correct, 
which we call false positives. 

Theory application - If one or more of the the- 
ories has no false positives or negatives, pick one 
of them and add its predicted nodes to the docu- 
ment tree (or trees, if more than one document is 
loaded). 
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I Meanino I Notation 
” 

Begin with marker [With Marker “marker”] 
Begin after marker [After Marker “marker”] 

Begin at fixed offset [Offset offset] 
End with marker [With Marker “marker”] 

End before marker [Before Marker “marker”] 
End after a fixed # of lines [After Lines num-lines] 

End at fixed offset [Offset offset] 

Table 1: Parse rule components for the plain text miner. 

Although we will need different types of theories for 
parsing lists and records, the two share common ele- 
ments: In each case, we are trying to subdivide the por- 
tion of the file corresponding to a given node, which we 
call the node test, into smaller units, each either a list 
element or a record field. To find the boundaries of the 
units we will need two theories: a theory about how the 
beginning of a unit is determined, called a start theory, 
and a theory about how the end of a unit is determined, 
called an end theory. We call the combination of a start 
theory and an end theory a unit theory. 

Table 1 lists all of the start and end theories used 
in the current implementation of NoDoSE’s text min- 
ing component. Most include a variable that must be 
instantiated, often a marker which is a string that sep- 
arates units. For example, in the file from Figure 5, 
the best start theory would be [After Marker “,“I. 
We could use something similar for the best end the- 
ory: [Before Marker “,“I. To represent the resultant 
unit theory, which is the combination of the start and 
end theory, we will write <[Before Marker “,“],[Be- 
fore Marker “,“I>. Rather than explain the meaning 
of the rest of the theories here, we introduce the con- 
crete problem of parsing lists to give the discussion more 
context. 

4.1.1 Mining lists 

Mining a list type entails two tasks: find a parsing rule 
that identifies every element of a list of the target type 
and then parsing every instance of the target type us- 
ing the rule. Figure 7 shows the three instances of a 
target type, Roster = List<String>, that will serve as 
a running example for this section. The lists are meant 
to represent the rosters of basketball teams. The boxes 
around parts of the lists indicate the elements that the 
user has already identified. 

The mining algorithm for list types depends on three 
assumptions: 

1. Every element of the list will have the same type. 
Since this algorithm will only run on structured 
collection types, this assumption must hold. 

2. Every element of the list will have the same for- 
mat. This assumption does not necessarily hold 
but seems reasonable given assumption 1 and sim- 
plifies the grammar induction. 

3. If Ic elements of a list have been identified by the 
user, they will be the first L elements in the list. 
This is a very powerful assumption because it gives 
the miner a way to identify theories that generate 
false positives - no predicted unit can appear be- 
fore any preexisting unit in a list. It does, however, 
impose restrictions on how structure information 
must be input by the user. 

All three assumptions hold for our example. The first 
holds by definition: all of the elements are of type String. 
The second holds as well since each element has the ba- 
sic format “Player Name: name”. The third also holds 
since list 1 has all of its elements specified, list 2 has 
none of its elements specified, and list 3 has only one 
element specified but its the first element. An example 
of a violation of assumption 3 would be if list 2 had 
the player named Hill specified without having Dumars 
specified. 

Lists can be viewed in general terms as a header fol- 
lowed by the elements of the list separated by gaps. Of 
course, specific list types may not have headers or gaps 
at all. Figure 8 shows how list 1 of our example fits this 
pattern. For any list with at least one element defined, 
we know the boundaries of its header - everything to 
the left of the first element by assumption 3 above. Also, 
everything between two defined elements is necessarily 
a gap since no other element could exist between the 
two according to assumption 3. Thus even if some of 
the list instances have no elements defined and others 
have only some of their elements defined, the miner will 
usually still be able to identify a few headers and gaps 
(if the list text has them). In our example, the headers 
of lists 1 and 3 are known as is the gap between elements 
1 and 2 in list 1. 

The task of the miner is to generalize from these ex- 
amples to discover how to identify the headers and gaps 
in all of the lists, This will require two types of the- 
ory: an end theory for finding the end of the header (if 
present), which we will call the header theory, and a unit 
theory for finding the beginning and end of the elements 
of the list, which we will call the element theory. 

Simplified pseudo-code for mining algorithm used in 
NoDoSE is shown in Figure 9. The code employs the 
three steps described in the preceding section: theory 
generation (lines l-2), theory evaluation (lines 3-28), 
and theory application (lines 29-32). Each of the steps 
is discussed in detail below. 

Theory generation For lists, we have two types of the- 
ories to generate, header and element theories. Let us 
first consider how to generate the set of header theories, 
TH. We begin with the end theories from Table 1. Next, 
we instantiate the placeholders in the theories which 
means choosing markers, offsets, and numbers of lines. 
For example, consider instantiating the marker in the 
theory [With Marker “marker”]. To do so, we need to 
examine all of the known headers and find their longest 
common suffix. In the running example, the longest 
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List I--+ Team Name: Hawks; Name: Fl Name: F/ 

List 2 --) Team Name: Pistons; Name: Dumars Name: Hill Name: Hunter 

List 3 --) Team Name: Bucks; Name: Allen Name: Brandon r-l 

Figure 7: Example lists. 

Header Gap Gap 

Team Name: Pistons: Name: Dumars Name: Hill Name: Hunter 

Element Element Element 

Figure 8: Presumed format of a list. 

common suffix is the string “; Name: ” and so the in- 
stantiated theory, [With Marker ‘I; Name: “1 is added 
to TH. 

Often there will not be any consistent value with 
which to instantiate a theory. For instance, there may 
be no common suffix at all or the headers may not all 
have the same number of lines in them. In this case, the 
theory is not added to HT. 

Generating element theories is similar to generating 
header theories except that element theories are com- 
posed of both a start theory and an end theory - 
header theories do not require start theories since they 
always begin at offset 0. With the possible exception 
of the first and last elements in a list, an element can 
be viewed as shown in Figure 8. A pre-gap is the gap 
between the element and the preceding element and a 
post-gap the gap between the element and the follow- 
ing element. The theories for parsing list elements are 
based on trying to find a common suffix in the pre- 
gaps, a common prefix in the elements, a common suffix 
in the elements, or a common prefix in the post-gaps. 
In the example lists, the common prefix and suffix of 
the gaps are both “ Name: ” and the elements do not 
have a common start or end marker. Thus the set of 
valid start theories, T&t, is {[After Marker “ Name: 
“I} and the set of valid end theories, Tend is {[Before 
Marker I‘ Name:“]}. The set of candidate element the- 
ories, TE, is computed as Tstart xT,,d, which in this case 
is just {<[After Marker “ Name: “],(Before Marker 
“ Name:“]>}. 

Theory evaluation This step represents the majority of 
the code in Figure 9. Conceptually, the code chooses the 
best header theory and then uses that theory in trying 
to find the best unit theory. This is a bit of a short cut 
since the algorithm should really consider all possible 
pairs of header and element theories. Unfortunately, 
this is very expensive with even a moderate number of 
different theories. Hence we choose to separate the two 
tasks, realizing that in some cases we may miss the best 
pairing. 

The best header theory is determined in Lines 3 

through 10. The algorithm tries each theory, using it 
to predict the headers of all of the list instances. For 
those lists that have at least one element defined, the 
header is known and can thus be checked against the 
predicted header. If one of the theories correctly identi- 
fies all of headers it is assumed to be correct and saved 
for use in element parsing. If no theory is correct, we 
assume that headers do not have to be specially handled 
for the target list type. 

In the example from Figure 7, it is critical that the 
headers are handled. By skipping past the header, the 
element theory <[After Marker “ Name: “],[Before 
Marker “ Name: ” ]> can be used to correctly identify 
every element. If the header is not skipped, the same 
element theory will predict that the first element of the 
list starts with the ” Name: ” marker that is part of 
“Team Name: ” and thus mining will fail. If the head- 
ers were “Team: ” instead of “Team Name: “, however, 
the element theory would work even if headers were not 
skipped. Thus many lists do not require a header to be 
found at all and therefore the mining algorithm contin- 
ues even if no consistent header theory can be found. 

The code from Lines 11 to 28 uses each element the- 
ory to predict the elements in all of the lists. For each 
list, the search for elements starts at the first charac- 
ter in the unit text unless a header is present in which 
case the search begins immediately after it (line 17). 
The start theory is used to find the predicted begin- 
ning of the next element (line 19), and if its success- 
ful, the end theory is used to find the predicted end- 
ing of the element (line 21). If a new element is found 
it is added to the predicted set. The search contin- 
ues in the same unit text until no more elements are 
found. At this point the predicted elements are com- 
pared again the elements defined by the user. The func- 
tion findFalseNeg(predictedSet, actualset) counts the 
number of user defined elements that were not predicted 
by the theory, /actualSet - predictedSet1. The func- 
tion findFalsePos(predictedSet, actualSet) counts the 
number of predicted elements that must be incorrect, 
which are the new predicted elements that start before 
the last user defined element ends (by assumption 3). 
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Create and instantiate the set of header theories, TH. 
Create and instantiate the set of element theories, TE. 
h..t = null 
for each header theory, th , in TH _. ._ .- 

for each list 1 in L 
offset = findHeaderEnd(th, 1) 
if (1 has header and offset # l.headerEnd) then 

th .errors++ 
if (t-errors == 0) then 

(10) thbest = t 
(ll)tebest = null 
(12 for each element theory t, in TE 

(13) for each list 1 in L 
04) offset = 0 
(15) pred = {} 
06) if Vhbeat # null) then 

(17) offset = findHeaderEnd(thbeSt ,l) 
(18) while (offset < l.length) 

(19) start = offset 
= f indElementStart(t, ,1, offset) 

if (start # -1) 
end = offset 

= findElementEnd(t,, 1, offset) 

(22) 
(23) 
(24) 

ii:; 

if (end # -1) 
pred = U{< 1, start, end >} 

te .predicted = te .predicted u pred 
te. f alsePos + = f indFalsePos(pred, Lelements) 
t, .f alseNeg + = findFalseNeg(pred, Lelements) 

(27) if (t,. f alsePos == 0 A t, .f alseNeg == 0) then 
(28) 
(29)if (t,b,~:b~tn~l~~ then 
(30) For each element < 1, start, end > in tebeal .predicted 

(31) if < star&end ># l.elements 

(32) l.elements = l.elements U {< start, end >} 

Figure 9: The (simplified) algorithm for mining and 
parsing list types. 

For example, in Figure 7 if a theory predicted that an 
element other than “Allen” started prior to the space 
after “Allen” in list 3, it would have to be incorrect. 
For list 2 which has no user defined elements, however, 
no predicted element can be eliminated. 

Theory application As long as at least one consistent 
element theory has been found, the elements that it 
predicted and that were not in the original document 
trees are added using the Instance Manager (lines 29- 
32). The new elements are of the same type as all of 
the other children of the target type. 

4.1.2 Mining records 

The mining algorithm for record fields depends on four 
assumptions: 

1. 

2. 

Every field in a record has a unique name. This 
assumption is enforced by the Instance Manager. 

If the fields of two different records of the same 
type have the same name, the two fields them- 
selves will have the same type. Such fields are 

called corresponding fields. For example, if two 
record of the same type both have fields named 
phoneNumber, the two phoneNumber fields should 
have the same type. This assumption is also en- 
forced by the Instance Manager. 

3. All corresponding fields will have the same format. 
This assumption is not forced on the mining com- 
ponent but it seems reasonable given assumption 
2 and simplifies the grammar induction. 

4. The fields in a record instance are either com- 
pletely identified by the user or not identified at 
all. Thus if k fields of a record instance have been 
identified by the user, they will be the only k fields 
in that instance. This is a very powerful assump- 
tion because it gives the miner a way to detect a 
parsing theory that generates false positives - a 
predicted field must appear in a record if the user 
has identified any fields at all in that record. 

Note the assumptions that this component does not 
make: every field is present in every record instance, 
and the order of fields within a record is fixed. Thus we 
are able to parse a limited but useful class of semistruc- 
tured documents. 

Mining lists and records are similar except for one 
important difference. For lists, we assume that the for- 
mat of every element is the same. This assumption al- 
lows the list mining algorithm to consider only two sets 
of theories, one to skip past the header and one to iden- 
tify elements. In contrast, every field in a record type 
may have a different format and thus every field requires 
its own set of theories. Further, the order in which the 
algorithm tries to parse the fields is important. 

For example, consider the text of a record that con- 
tains, among other things, the string “Name: Smith, 
John.“. Suppose the user chooses to model a name as 
two fields, LastName and FirstName. The best the- 
ory for identifying a LastName field might be <[After 
Marker L‘Name:“], [Before Marker “,“I>. If we know 
that a FirstName field always follows LastName, its 
rule would be <[After Marker “,“],[Before Marker 
“.“I>. We must be careful, though, to only try to ap- 
ply the unit theory for a first name immediately after 
parsing a last name. Otherwise, an unrelated comma 
anywhere is the text of the record would lead to the 
first name being falsely parsed. 

To avoid problems of this sort, the mining algorithm 
tries to find an order for the fields in a record type that 
is consistent across all of its instances. This is difficult 
for two reasons: 

1. Not all fields are present in each record instance 
and no single instance is guaranteed to have every 
field in it. Thus we may have to look at more 
than one record instance to determine the field 
order and may not be able to determine a unique 
ordering even if we look at every record instance. 
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2. An important ordering may only exist between 
subsets of the fields in the record and the other 
fields may exhibit an inconsistent ordering. 

The miner uses a simple algorithm that computes for 
each field, the set of all fields that have preceded it in 
at least one record and the set of all fields that have 
followed it in at least one record. The two sets can 
be used to find a totally consistent ordering if one ex- 
ists although it is not guaranteed to handle the second 
complication from above. So far, this has not been a 
problem in the documents we have mined. 

Due to space constraints, we cannot discuss the record 
mining algorithm in detail. A more thorough presenta- 
tion is available, however, in the technical report [Ade98]. 

4.2 HTML Parser 

The HTML parser available as part of NoDoSE parses 
documents or subdocuments based completely on struc- 
tural information. Unlike the plain text miner, the 
HTML parser does not store any internal information 
about a type since it parses based on the static gram- 
mar rules of HTML. In practice, the HTML parser gen- 
erates more structure than the user is interested in (i.e., 
information from meta tags). After parsing, he should 
delete the nodes that are not of interest and rename 
types and labels to be semantically meaningful. The 
changes are not recorded by the HTML parser, though, 
so the next instance of the same page type will require 
all the changes to be made again. To avoid this problem, 
the plain text miner can be run on the parsed document 
produced by the HTML miner. It will try to infer the 
format of the file just as if the structure had been en- 
tered using the GUI. If it is successful, future HTML 
files of the same type can be parsed automatically. 

The approach of running the text miner on the tree 
produced by the parser is an attractive one since it 
lets the text miner benefit from the knowledge of the 
document syntax without requiring that the parser and 
miner communicate directly. The same approach can 
be used on other files types with known syntax such 
as latex files or mail files (also implemented in version 
1.0). For more details on parsing mail or HTML files, 
the interested reader is referred to [Ade98]. 

5 Implementation 

A prototype that implements a subset of the compo- 
nents described in Section 3 has been implemented in 
approximately 7000 lines of Java code. Two of the com- 
ponents, the Transaction Manager and the Log Man- 
ager, have not been implemented at all although the 
interfaces have been designed; thus NoDoSE version 1.0 
does not support undo. 

We have run NoDoSE on many different files, includ- 
ing simulator output, mail files, c source code, OCRed 
documents, and many web pages. The results are diffi- 
cult to quantify, although overall we have been pleased 
at the wide range of documents NoDoSE can extract 

data from. Part of this success, however, is the result 
of learning how to work around the quirks of the sys- 
tem. For example, the miner is currently very sensitive 
to where the user chooses the boundaries between list 
elements and record fields (i.e. whether to include the 
final carriage return in the selected text). 

Also, the dependence of many of the theories on 
constant string markers causes problems. For instance, 
the records of type OneParam from the simulation out- 
put example (Figure 2) look like “ 5 misDL - (avg) 
9.2953153-01 - (std) 2.5598693-01 - (num) 2455” where 
the first value, 5 in this case, is the simulator node num- 
ber that the measured variable is in. This value is redun- 
dant and is thus not part of the record type we defined 
for OneParam. The consistent pre-gap marker for the 
variable name (misDL in this case) is two spaces since 
OneParam records from other nodes start with their 
own node number, i.e., ” 4 “. Unfortunately, identifying 
the beginning of the variable name by two spaces will 
fail since the node number, which precedes the variable 
name in the text, is also preceded by two spaces, and 
will thus be falsely identified as the variable name. This 
problem can be avoided by including the node number 
in the record even though it is redundant. Doing so 
“eats” the node number so that two spaces serves as 
an adequate pre-gap marker for the variable name field. 
To obviate the need for such workarounds in the future 
we’re more developing more flexible markers based on 
regular expressions. 

The performance of the system is fine for small files 
- the mining wait is never more than a second or two. 
We have not been able to deal with large files, how- 
ever, due to the state of Java. One problem is with the 
TextArea component which is used to display portions 
of the file on the right side of the program window. 
The component in the toolkit uses the windows peer 
which does not support files over 32kb and we have not 
been able to find a pure Java component with adequate 
performance for files over 100kb. Luckily, many inter- 
esting document types, especially web pages, are well 
within this limit so this restriction has not significantly 
hampered our research, although it has made measuring 
scalability impossible. Given the commercial push for 
Java, it’s reasonable to believe that such problems will 
be corrected in the near future. 

6 Related Work 

NoDoSE makes two major contributions to the data ex- 
traction problem: its open architecture for structural 
mining and the plain text mining component that has 
been implemented in version 1.0 of the system. To our 
knowledge, the former has not been proposed by any 
other researchers and hence we do not discuss it fur- 
ther in this section. Instead, we concentrate on the ap- 
proaches others have taken to the latter problem: min- 
ing structure and extracting data from documents. 

The three efforts that are most closely related to our 
own are [AK97a,AK97b], [HGMC+97], and [KWD97]. 
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The system described in [AK97a] is closest to NoDoSE 
in its approach: to infer the structure of a document by 
combining automatic analysis with user input. Their 
system is designed for web pages only: it uses font size 
information, HTML tags, and indentation to guess a 
page’s structure. A user can then correct the guesses by 
instructing the system to ignore certain keywords and 
by identifying new keywords that the system missed. 
The advantage of this system is that certain types of 
pages can be parsed with very little user input since 
the system leverages its knowledge about HTML syntax 
and about how characteristics like font size are used to 
indicate nesting. The major disadvantages of the system 
is that because it depends on HTML tags, it is not useful 
for any other type of document. 

In [KWD97] the authors describe a system that au- 
tomatically extracts data from web pages although it 
will also work with plain text files. The extracted data 
must be representable as a set of tuples; no deep struc- 
ture can be inferred. The advantage of the system is 
that no user interaction is required - the system infers 
the grammar of a document through a machine learning 
algorithm applied to many instances of the document 
type. The algorithm must be provided with domain 
knowledge, however, in the form of oracles that can 
identify interesting types of fields within a document. 
Further, if the algorithm fails, there is no information 
the user can provide to help it. 

The final system we discuss, that of Hammer et. al. 
[HGMC+97], is unlike the others in that it is fully man- 
ual - the user must code a wrapper for their document 
type using a toolkit. The toolkit provides many con- 
structs, especially for HTML processing, that make it 
easier than writing a parser directly in Lex and Yacc. It 
also provides the most control over the output format 
of the extracted data as well as the best support for 
semi-structured data. The obvious disadvantage is that 
the user must be able to analyze their documents and 
then code their wrapper which limits the usefulness of 
this approach as a rapid data integration tool. We are 
considering it, however, as one of the output formats 
of NoDoSE to give users more control over the output 
format of their data. 

We note that except for the system of Hammer et. 
al. (which does not have a mining component), there 
is no reason that the other mining algorithms could not 
be integrated as mining components in NoDoSE. This 
would yield improved handling of HTML documents or 
with portions of documents that contain HTML while 
retaining the plain text capabilities. 

7 Conclusions 

Given the amount of interesting data that is in HTML 
pages or text files rather than in database systems, users 
have a strong need for a tool to extract data from such 
sources. This paper described a tool, NoDoSE, designed 
explicitly for these needs. NoDoSE serves two purposes. 
First, it provides a general architecture for the explo- 

ration of the data extraction problem, allowing other 
researchers to plug in their own mining algorithms, user 
interfaces, or report generators, without having to build 
the entire framework themselves. Second, it contains a 
component that is capable of inferring the structure of 
a useful class of text files, allowing data to be quickly 
extracted without coding. 

The results of using NoDoSE on the type of docu- 
ments we were originally targeting, simulation output 
and web pages, are promising. We have also noticed 
that many documents with complex parsing rules, such 
as files of c code, that should be beyond NoDoSE’s reach 
axe not due to stylistic conventions like indentation and 
standard comment blocks. On the other hand, we have 
occasionally been surprised to find very simple and very 
regular looking documents that NoDoSE cannot handle. 
Usually, the failure is due to the dependence of many 
of the parsing theories on constant markers that delimit 
list elements or record fields. Thus we are currently 
developing an alternate approach based on regular ex- 
pressions. 
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