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Document Analysis Using Model Intersections

CROSS REFERENCE TO RELATED APPLICATIONS
[0001] This application claims priority to U.S. Patent Application No. 17/166,199, filed February 03, 2021,
titled “DOCUMENT ANALYSIS USING MODEL INTERSECTIONS,” the entire contents of which are

incorporated herein by reference.

BACKGROUND
[0002] Determining the similarities, differences, and classification of information, such as a document, in
association with other information can be valuable. However, quantifying attributes of document analysis,
particularly in large corpuses of documents, is difficult. Described herein are improvements in technology and
solutions to technical problems that can be used to, among other things, analyze documents utilizing modeling

techniques.

BRIEF DESCRIPTION OF THE DRAWINGS
[0003] The detailed description is set forth below with reference to the accompanying figures. In the figures,
the left-most digit(s) of a reference number identifies the figure in which the reference number first appears. The
use of the same reference numbers in different figures indicates similar or identical items. The systems depicted

in the accompanying figures are not to scale and components within the figures may be depicted not to scale with

each other.

[0004] FIG. 1 illustrates a schematic diagram of an example environment for document analysis using model
intersections.

[0005] FIG. 2 illustrates a conceptual diagram of document representations and model representations.
[0006] FIG. 3 illustrates a conceptual diagram of model representations having different confidence value
thresholds.

[0007] FIG. 4 illustrates a conceptual diagram of components utilized for document analysis by model

intersections and utilizing claim breadth scoring.

[0008] FIG. 5 illustrates a conceptual diagram of user interfaces and components utilized for training models
for document analysis.

[0009] FIG. 6 illustrates a conceptual diagram of user interfaces showing keywords associated with trained
models.

[0010] FIG. 7 illustrates a conceptual diagram of a model taxonomy.

[0011] FIG. 8 illustrates a flow diagram of an example process utilized for document analysis using model

intersections.
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[0012] FIG. 9 illustrates a flow diagram of another example process utilized for document analysis using

model intersections.

DETAILED DESCRIPTION

[0013] Systems and methods for document analysis utilizing model intersections are disclosed. Take, for
example, an entity that would find it beneficial to utilize a platform to determine which documents in a set of
documents are in class for a given purpose and which of the documents in the set of documents are out of class
for that given purpose. For example, an entity may desire to know which patents and/or patent applications are
most relevant for patentability determinations, for infringement determinations, for asset acquisition purposes, for
rescarch and development purposes, for insurance purposes, etc. Generally, a user may search a database of such
documents utilizing keyword searching. To gather a reasonable number of results that does not unduly limit the
documents in those results, users may employ broad keyword searching and then review each document to
determine whether each document should be considered in class or out of class for the purposes at hand. However,
taking patents and patent applications as an example, the potential corpus of documents, even if looking just to
patents and patent applications filed in the United States, easily numbers in the thousands if not tens of thousands
or more. In light of this, a document analysis platform that is configured to intake documents, receive marginal
user input to train classification models, and then to use those classification models to determine which documents
in a set of documents are in class would be beneficial.

[0014] However, certain identified technologies may have disparate subject matter within subcategories of
a given technology. In these examples, training of classification models may be difficult because positive training
data associated with a given subcategory may result in a negative effect on another subcategory. In these
examples, model training may be imprecise and lead to an analysis where irrelevant documents are included in
the model results and/or where relevant documents are excluded from the model results. To assist in restricting
these negative results, disclosed herein are system and processes for utilizing model intersections to improve
document analysis. For example, a search query may be received to identify a set of documents that are relevant
to that search query. The search query may include one or more keywords and/or phrases that define what is
relevant to the search query.

[0015] Utilizing the document analysis platform described herein, a set of documents with keywords that
correspond to the search query may be identified. Thereafter, one or more document classification models may
be built and/or trained utilizing user input indicating whether given documents are in class or out of class. As
will be described in more detail below, a user may utilize a user interface to view all or a portion of given
documents and select elements on the user interface to identify the given documents as in class or out of class.
Once a threshold number of documents have been marked as in class or out of class by a user, one or more

classification models may be trained based on a positive training dataset of the documents marked as in class, and
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in some examples a negative training dataset of the documents marked as out of class. Thereafter, the trained
classifications models may be utilized to predict which documents in the balance of the set of documents are in
class or out of class. However, as noted above, for certain technologies, the results of these trained classification
models may not be precise and may incorrectly include irrelevant documents and/or exclude relevant documents.
[0016] In these scenarios, instead of training a single model to predict document classification, the identified
technology may be represented by two or more subcategories. The subcategories may represent a portion of the
identified technology. Utilizing this methodology, a first classification model may be trained utilizing a positive
and/or negative training dataset for a first subcategory of the identified technology, and a second classification
model may be trained utilizing a positive and/or negative training dataset for a second subcategory of the identified
technology. Additional models for additional subcategories of the identified technology may also be trained.
Thereafter, each of the classification models may be utilized to determine subsets of documents that are in class
for each of the models. Take for example a sample document set of 10,000 documents to be analyzed to determine
which of those documents are in class with respect to an identified technology with three subcategories. A first
classification model for a first subcategory may identify 500 of the 10,000 documents that are in class with respect
to the first subcategory; a second classification model for a second subcategory may identify 750 of the 10,000
documents that are in class with respect to the second subcategory; and a third classification model for a third
subcategory may identify 400 of the 10,000 documents that are in class with respect to the third subcategory.
[0017] Utilizing the model intersection techniques described herein, differing groups of the documents
identified as in class may be generated as results. For example, a first group may include any document that is
identified as in class by at least one of the classification models. A second group may include any document that
is identified as in class by at least two of the classification models. A third group may include any document that
is identified as in class by each of the classification models. As will be appreciated from the example provided
above, for the first group, the number of in class documents will be more than the second group, and the number
of in class documents in the second group will be more than the third group. In this way, the third group of
documents indicated to be in class by each of the classification models represent those documents in the sample
group of documents that are relevant to each subcategory of the identified technology. It should be appreciated
that other grouping of documents are also included with respect to intersections of model results. The results of
these model intersection analyses may be provided to a computing device associated with the search query. For
example, the in class documents in some or all of the groupings may be displayed to a user of the computing
device, and/or identified of the documents and/or the groupings may be provided.

[0018] In some examples, a user interface may be utilized to display a representation of the model
intersections described herein. By way of example, the representation of the model intersections may include a
diagram with identifiers of the models and identifiers of the documents as predicted by those models as in or out

of class. For example, the identifiers of the models may include circles or other shapes showing boundaries of



10

15

20

25

30

WO 2022/169795 PCT/US2022/014826

what the models have been trained to predict as in class. The identifiers of the documents may include points or
other representations positioned within one or more of the model identifiers. The positions of the document
identifiers may represent relevance of the document to the subcategory and/or subcategories associated with the
classification models.

[0019] The determination of whether a given document is in class or out of class may be based at least in
part on a confidence score associated with the prediction of that document as in class by a given classification
model. For example, a confidence score threshold may be set, such as to 0.90, and documents predicted as in
class at a confidence of at least 0.90 will be considered in class, while the remainder of the analyzed documents
will be considered out of class. In certain examples, all of the classification models associated with the
subcategories of the identified technology may have the same confidence score threshold. In these examples, the
identifiers of the models as displayed on the user interface may be equal in size. However, in other examples, the
confidence score thresholds may differ from each other. For example, a classification model corresponding to a
first subcategory may have a threshold confidence score of 0.90, while a model corresponding to a second
subcategory may have a threshold confidence score of 0.80, and a model corresponding to a third subcategory
may have a threshold confidence score of 0.97. In these examples, the confidence score thresholds may be
dynamic and may alter how many documents are determined to be in class by the model intersection groups
described herein. In this way, users and/or the systems described herein may increase or decrease the number of
resulting in class documents by changing the confidence score thresholds associated with the models.

[0020] In addition to the above, the user interfaces described herein may be utilized to present keywords
indicated to be most relevant to the trained classification models for positive training datasets and/or negative
training datasets. By so doing, a user may visualize the keywords and determine whether the group of keywords
is too inclusive (e.g., includes keywords that are not relevant) or too exclusive (e.g., does not include keywords
that are relevant). Utilizing this functionality, additional training of the models may be performed and/or the
confidence score thresholds of the models may be altered.

[0021] In addition to utilizing model intersections to determine the relevance of documents for one or more
purposes, additional factors may be applied to determine whether given documents should be determined relevant
and/or highlighted. By way of example, one factor to be applied may be a claim breadth score, particularly in
instances where the documents in question represent patents and/or patent applications. As will be described
more fully herein, a claims section of the documents may be analyzed to determine a breadth of the claims, with
documents having broad claims receiving a more favorable score and documents having narrow claims receiving
a less favorable score. Additional factors other than claim breadth may be analyzed and applied as well to score
documents. In these examples, the model intersection analyses described herein may be utilized to identify the

groupings of documents described herein. Thereafter, the resulting documents may be analyzed for the one or
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more additional factors to determine which of those documents should be identified as responsive to a given
search query and/or which of those document should be highlighted or otherwise emphasized.

[0022] Additionally, or alternatively, the document analysis platform described herein may include a model
taxonomy of the classification models that have been trained and/or utilized. This model taxonomy may be
utilized to show relationships between models and/or to provide search-by-model functionality. Indicators of the
model intersection analyses described herein may be included in the model taxonomy and may be utilized for
subsequent model analyses. These indicators may include visual indicators between nodes of the model
taxonomy, where each node represents a classification model. Lines or otherwise connectors between nodes may
be provided to show which models were utilized to develop document groupings for the technology at issue.
[0023] The document analysis platform, as described herein, may be hosted or otherwise utilized by a system
that may be connected to one or more other systems and/or devices. For example, the system may be configured
to receive, over a network, the documents from a third-party system that includes a document database that stores
data representing the documents. The platform may also be configured to receive, over the network, data
representing the documents from one or more client devices, which may be computing devices configured to
access the Internet, display information, and receive user input. The client devices may include the one or more
user interfaces described herein and/or may include an application configured to instruct processors of the client
devices to display user interfaces as provided by the system associated with the document analysis platform, such
as via an application residing on memory of the client devices and/or via an Internet browser. The client devices
may receive user input, such as user input from the user interfaces, and may provide user input data corresponding
to that user input to the system associated with the document analysis platform. The system may utilize that user
input data for the various operations described herein. The model building component and the model library
component, as described herein, may be stored in memory of the system and may be utilized to train classification
model, predict document classification, and search for models, for example.

[0024] As described herein, the document analysis platform may be configured to receive user input data
associated with classification of given documents. To train the classification models utilizing this user input data,
the document analysis platform may perform one or more operations. In some examples, the platform may
generate a positive training dataset indicating in class keywords associated with the documents marked in class
by a user. For example, the platform may determine one or more keywords associated with a given document
that represent the subject matter of that document. This may be performed utilizing one or more document
processing techniques, such as term frequency inverse document frequency techniques, for example. The
platform may also generate a negative training dataset indicating keywords from the documents marked out of
class by the user input. Each of these training datasets may then be utilized to train the classification model such
that the classification model is configured to determine whether a given document has keywords that are more

similar to the in class keywords than to the out of class keywords. In other examples, instead of or in addition to
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generating training datasets based on keywords, the platform may determine a vector for a given document. The
vector may be associated with a coordinate system and may represent the subject matter of the document in the
form of a vector. Vectors may be generated for the documents labeled in class and for the documents labeled out
of class. The classification model may be trained to determine whether a vector representation of a given
document is closer to the in class vectors than to the out of class vectors in the coordinate system. Techniques to
generate vectors representing documents may include vectorization techniques such as Doc2Vec, or other similar
techniques.

[0025] Additionally, or alternatively, documents representations may include a method that takes a document
and turns it into a vector form as a list of floating point numbers based at least in part on the document’s text
contents. This vector form may be called an embedding. This embedding may be used to calculate distance, and
therefore similarity, between documents. These embeddings could be used in association with the classification
models in addition to or in replacement of the keyword and/or vectors described above. The embeddings may be
utilized to create thematic groups of documents with a set. The set of documents can be some keyword, CPC,
owner(s), etc., and the result may be a visual display of document groups (e.g., clusters) that share similar themes.
There may be a degree of supervision in the clustering process that may allow for some human control over which
documents are grouped in which clusters.

[0026] In further examples, the classification models may utilize transfer learning. In these examples, a
general-purpose model may be generated and/or received, and each specific classification model may use the
general purpose model as a starting point. Rather than having to train a classification model from scratch, the
model would be fine-tuned from the general purpose model for whatever that model has not already been trained
for with respect to the specific scenario being modeled. These transfer learning techniques may include the user
of ULMFit, BERT, ELMo, and T5, among others.

[0027] In addition to the techniques for training the classification models described above, the classification
models may also be trained and/or organized based at least in part on classifications of the documents. For
example, when the documents are patents and patent applications, a predetermined classification system may be
established for classifying the subject matter of a given document. The classification system may be determined
by the platform, by one or more users, and/or by a third party. For example, patents and patent application may
be associated with a predefined classification system such as the Cooperative Patent Classification (CPC) system.
The CPC system employs CPC codes that correspond to differing subject matter, as described in more detail
herein. The CPC codes for a given document may be identified and the categories associated with those codes
may be determined. A user interface may be presented to the user that presents the determined categories and
allows a user to select which categories the user finds in class for a given purpose. The selected categories may

be utilized as a feature for training the classification models. Additionally, or alternatively, the platform may
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determine the CPC codes for documents marked as in class and may train the classification models to compare
those CPC codes with the CPC codes associated with the documents to be analyzed to determine classification.
[0028] The present disclosure provides an overall understanding of the principles of the structure, function,
manufacture, and use of the systems and methods disclosed herein. One or more examples of the present
disclosure are illustrated in the accompanying drawings. Those of ordinary skill in the art will understand that
the systems and methods specifically described herein and illustrated in the accompanying drawings are non-
limiting embodiments. The features illustrated or described in connection with one embodiment may be combined
with the features of other embodiments, including as between systems and methods. Such modifications and
variations are intended to be included within the scope of the appended claims.

[0029] Additional details are described below with reference to several example embodiments.

[0030] FIG. 1 illustrates a schematic diagram of an example architecture 100 for a document analysis
architecture. The architecture 100 may include, for example, one or more client-side devices 102, also described
herein as electronic devices 102, a document analysis system 104 associated with a document analysis platform,
and/or a document database system 106 associated with one or more document databases 136. Some or all of the
devices and systems may be configured to communicate with each other via a network 108.

[0031] The electronic devices 102 may include components such as, for example, one or more processors
110, one or more network interfaces 112, and/or memory 114. The memory 114 may include components such
as, for example, one or more user interfaces 116 and/or one or more document databases 118. As shown in FIG.
1, the electronic devices 102 may include, for example, a computing device, a mobile phone, a tablet, a laptop,
and/or one or more servers. The components of the electronic device 102 will be described below by way of
example. It should be understood that the example provided herein is illustrative, and should not be considered
the exclusive example of the components of the electronic device 102.

[0032] By way of example, the user interface(s) 116 may include one or more of the user interfaces described
clsewhere herein, such as the user interface corresponding to a model builder user interface, a document summary
user interface, a full document user interface, user interfaces utilized for document voting, confidence value user
interfaces, keyword user interfaces, search query user interfaces, model taxonomy user interfaces, etc. It should
be understood that while the user interfaces 116 are depicted as being a component of the memory 114 of the
client-side devices 102, the user interfaces 116 may additionally or alternatively be associated with the document
analysis system 104. The user interfaces 116 may be configured to display information associated with the
document analysis platform and to receive user input associated with the document analysis platform. The
document databases 118 of the client-side device 102, and/or the document databases 136 of the document
database system 106 may include data corresponding to documents that a user may desire to be analyzed using
the document analysis platform. Those documents may include, for example, patents and patent applications,

and/or the documents may include non-patent documents. The documents may be stored with respect to the



10

15

20

25

30

WO 2022/169795 PCT/US2022/014826

document databases 136 of the document database system 106 and/or the documents may be stored with respect
to the document databases 118 of the client-side devices 102.

[0033] The document analysis system 104 may include one or more components such as, for example, one
or more processors 120, one or more network interfaces 122, and/or memory 124. The memory 124 may include
one or more components such as, for example, a model builder component 126, a model taxonomy component
128, an intersection component 130, a confidence component 132, and/or a claim breadth component 134. The
model builder component 126 may be configured to receive user input data as described herein for labelling
documents as in class or out of class. The model builder component 126 may also be configured to utilize the
user input data, as well as other data associated with a document set in question, to train classification models for
determining the classification of a given document. The model builder component 126 may also be configured
to utilize the trained classification models to predict document classification and to display results of the use of
the classification models. The model taxonomy component 128 may be configured to generate and utilize a model
taxonomy including the trained classification models. The model taxonomy component 128 may also be
configured to receive user input data representing user queries for use of classification models and to display
search results to the search query indicating one or more models associated with the search query. The additional
components of the client-side devices 102 and/or the document analysis system 104 are described below by way
of example.

[0034] For example, utilizing the document analysis platform described herein, a set of documents with
keywords that correspond to a search query may be identified. Those documents may be identified from the
document databases 136, 118. Thereafter, one or more document classification models may be built and/or trained
utilizing the model builder component 126 utilizing user input indicating whether given documents are in class
or out of class. A user may utilize a user interface to view all or a portion of given documents and select elements
on the user interface 116 to identify the given documents as in class or out of class. Once a threshold number of
documents have been marked as in class or out of class by a user, one or more classification models may be
trained based on a positive training dataset of the documents marked as in class, and in some examples a negative
training dataset of the documents marked as out of class. Thereafter, the trained classifications models may be
utilized to predict which documents in the balance of the set of documents are in class or out of class. However,
as noted herein, for certain technologies, the results of these trained classification models may not be precise and
may incorrectly include irrelevant documents and/or exclude relevant documents.

[0035] In these scenarios, instead of training a single model to predict document classification, the identified
technology may be represented by two or more subcategories. The intersection component 130 may be configured
to identify the subcategories and/or to receive user input indicating the subcategories. The subcategories may
represent a portion of the identified technology. Utilizing this methodology, a first classification model may be

trained utilizing a positive and/or negative training dataset for a first subcategory of the identified technology,
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and a second classification model may be trained utilizing a positive and/or negative training dataset for a second
subcategory of the identified technology. Additional models for additional subcategories of the identified
technology may also be trained. Thereafter, each of the classification models may be utilized to determine, by
the intersection component 130, subsets of documents that are in class for each of the models. Take for example
a sample document set of 10,000 documents to be analyzed to determine which of those documents are in class
with respect to an identified technology with three subcategories. A first classification model for a first
subcategory may identify 500 of the 10,000 documents that are in class with respect to the first subcategory; a
second classification model for a second subcategory may identify 750 of the 10,000 documents that are in class
with respect to the second subcategory; and a third classification model for a third subcategory may identify 400
of the 10,000 documents that are in class with respect to the third subcategory.

[0036] Utilizing the model intersection component 130, differing groups of the documents identified as in
class may be generated as results. For example, a first group may include any document that is identified as in
class by at least one of the classification models. A second group may include any document that is identified as
in class by at least two of the classification models. A third group may include any document that is identified as
in class by each of the classification models. As will be appreciated from the example provided above, for the
first group, the number of in class documents will be more than the second group, and the number of in class
documents in the second group will be more than the third group. In this way, the third group of documents
indicated to be in class by each of the classification models represent those documents in the sample group of
documents that are relevant to cach subcategory of the identified technology. The results of these model
intersection analyses may be provided to a computing device, such as the client-side device 102, associated with
the search query. For example, the in class documents in some or all of the groupings may be displayed to a user
of the computing device, and/or identified of the documents and/or the groupings may be provided.

[0037] In some examples, a user interface 116 may be utilized to display a representation of the model
intersections described herein. By way of example, the representation of the model intersections may include a
diagram with identifiers of the models and identifiers of the documents as predicted by those models as in or out
of class. For example, the identifiers of the models may include circles or other shapes showing boundaries of
what the models have been trained to predict as in class. The identifiers of the documents may include points or
other representations positioned within one or more of the model identifiers. The positions of the document
identifiers may represent relevance of the document to the subcategory and/or subcategories associated with the
classification models.

[0038] The determination of whether a given document is in class or out of class may be based at least in
part on a confidence score associated with the prediction of that document as in class by a given classification
model. For example, a confidence score threshold may be set, utilizing the confidence component 132, such as

0.90, and documents predicted as in class at a confidence of at least 0.90 will be considered in class, while the
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remainder of the analyzed documents will be considered out of class. In certain examples, all of the classification
models associated with the subcategories of the identified technology may have the same confidence score
threshold. In these examples, the identifiers of the models as displayed on the user interface may be equal in size.
However, in other examples, the confidence score thresholds may differ from each other. For example, a
classification model corresponding to a first subcategory may have a threshold confidence score of 0.90, while a
model corresponding to a second subcategory may have a threshold confidence score of 0.80, and a model
corresponding to a third subcategory may have a threshold confidence score of 0.97. In these examples, the
confidence score thresholds may be dynamic and may alter how many documents are determined to be in class
by the model intersection groups described herein. In this way, users and/or the systems described herein may
increase or decrease the number of resulting in class documents by changing the confidence score thresholds
utilizing the confidence component 132 associated with the models.

[0039] In addition to the above, the user interfaces 116 described herein may be utilized to present keywords
indicated to be most relevant to the trained classification models for positive training datasets and/or negative
training datasets. By so doing, a user may visualize the keywords and determine whether the group of keywords
is too inclusive (e.g., includes keywords that are not relevant) or too exclusive (e.g., does not include keywords
that are relevant). Utilizing this functionality, additional training of the models may be performed and/or the
confidence score thresholds of the models may be altered.

[0040] In addition to utilizing model intersections to determine the relevance of documents for one or more
purposes, additional factors may be applied to determine whether given documents should be determined relevant
and/or highlighted. By way of example, one factor to be applied may be a claim breadth score, particularly in
instances where the documents in question represent patents and/or patent applications. In these examples, the
claim breadth component 134 may be configured to analyze a claims section of the documents to determine a
breadth of the claims, with documents having broad claims receiving a more favorable score and documents
having narrow claims receiving a less favorable score. Additional factors other than claim breadth may be
analyzed and applied as well to score documents. In these examples, the model intersection analyses described
herein may be utilized to identify the groupings of documents described herein. Thereafter, the resulting
documents may be analyzed for the one or more additional factors to determine which of those documents should
be identified as responsive to a given search query and/or which of those document should be highlighted or
otherwise emphasized.

[0041] The claim breadth component 134 may utilize processes described herein to determine claim breadth
scores. For example, in some instances, documents are pre-processed to generate one or more processed
document portions for each of the documents. For instance, a processed document may refer to the document
following pre-processing. In some instances, the pre-processing itself may divide a document into two or more

processed document portions. For example, when analyzing text containing patent claims, the document may be
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divided into document portions (e.g., individual patent claims) at locations following a period and preceding a
numeral. In some instances, each portion of the document is associated with the unique document identification
number of the source document. For example, each patent claim from a patent would be associated with the
patent number. The processed document portions include a portion of the text from the source document. The
specific pre-processing techniques may include parsing text to separate words, removing stop words, removing
duplicate words, and removing punctuation. In some instances, some or all of the stop words may be specific to
a document classification of the documents. For example, if all of the documents are associated with the same
patent classification, and there are specific stop words for that classification, then those specific stop words may
be used instead of or in addition to general stop words. In some instances, pre-processing may include additional
pre-processing techniques, such as replacing abbreviations and/or acronyms with the corresponding full words.
[0042] Thereafter, a word count is generated for each of the document portions (e.g., processed or
unprocessed document portions). For instance, a word count for each document portion may be generated by
counting a number of separate words in the respective document portions. In some instances, this may be
performed after pre-processing so that stop words and duplicate words are omitted from the count. A word count
performed after removal of duplicate words is referred to as a word count of unique words. In some instances,
the word count generated for each document portion (e.g., patent claim includes is an integer (¢.g., one, two, three,
etc.).

[0043] Then, a referential word count is identified. In some instances, the referential word count is a number,
but not necessarily an integer. The referential word count may be based on a characteristic derived from the word
counts of the individual document portions under analysis. For example, the referential word count may be the
word count of the document portion having a largest word count out of all the analyzed document portions. For
another example, the referential word count maybe the word count of the document portion having a shortest
word count out of all the analyzed document portions.

[0044] In some instances, other characteristics may also be used to generate the referential word count such
as the average or median word count of the analyzed document portions. For example, if the analyzed document
portions are patent claims, then the referential word count may be the word count of the longest patent claim, the
word count of the shortest patent claim, the average word count of all the analyzed patent claims, the median
word count of all the analyzed patent claims, or some other metric. In some instances, the referential word count
is the same for all document portions analyzed together in the same corpus. However, in some instances, due to
the different characteristics of each corpus of documents analyzed, the referential word count will be different in
different analyses.

[0045] Additionally, word count ratios are calculated for the document portions. For instance, a word count
ratio may be calculated for each document portion by dividing the referential word count by the word count for a

respective document portion. Thus, in some instances, each analyzed document portion will be associated with a
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word count ratio. In some instances, the numerator is the same for each document portion in a given corpus, but
the denominator is different depending on the individual word count of that document portion. For example, if
the word count for a given document portion is 25 and the referential word count is 72 (e.g., the longest word
count of all the analyzed document portions), then the word count ratio for that particular document portion is
72/25 or 2.88.

[0046] Then, a word frequency is determined for individual words. For instance, a corpus-based word
frequency may be determined for each word included in any of the document portions. In some instances, the
word frequency is specific to the word and not the document portion in which the word is found. Word frequency
may be thought of as a measure of how common a particular word is throughout all of the analyzed document
portions. In some instances, word frequency is determined by counting how many times a word appears in all of
the analyzed document portions. Thus, word frequency represents the number of instances that a word is found
across the entire set of content under analysis prior to removal of duplicate words. For example, if the corpus of
documents being analyzed includes 1000 patents, those patents each have on average 20 patent claims, then there
will be 20,000 document portions under analysis. The number of times a given word such as “machine” appears
throughout all 20,000 document portions is that word’s frequency. As such, words that are common in a particular
corpus will have higher word frequency values and words that are uncommon in the particular corpus will have
lower word frequency values. Thus, at this point, each document portion is associated with a word count and each
word (which necessarily includes the words in each document portion) is associated with a word frequency.
[0047] Thereafter, a commonness score is generated for the document portions. For instance, each document
portion may be associated with its own commonness score. The commonness score is based on the frequency
that the individual words in a particular document portion are found throughout the entire corpus of document
portions under analysis. Thus, the commonness score for a document portion is based on the word frequencies
of the words in that document portion. In some instances, the commonness score for a processed document
portion is based on the square root of the sum of the squares of the inverse of the word frequency for each one of
the separate words in that processed document portion. For instance, the commonness score (¢s) for a document
portion having words 1 to n, each with an associated word frequency represented by wf® to wf™, may be

calculated by the following equation:

commonness score = (ﬁ)z + (ﬁ)z +...+ (ﬁ)z X 100 (€))
f f f

With this calculation, a document portion that has more common words will receive a lower commonness score,
and a document portion that has more uncommon words will receive a higher commonness score. In this manner,
the commonness score represents an underlying assumption or premise that patent claims with more common
words tend to be broader than claims with less common words. This may not always be the case, but is a useful

generalization for automatic document analysis.
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[0048] Then, a reference commonness score is identified. In some instances, the reference commonness
score is identified as the highest commonness score out of all of the processed document portions undergoing
analysis. The commonness scores for each of the document portions maybe calculated, sorted, and then the
highest of those is stored as the highest commonness score. This represents the score of the document portion
that is the “most common” based on the frequency and number of words included in that document portion. As
such, every other document portion will have a commonness score that is lower than the highest commonness
score.

[0049] The system then calculates commonness score ratios for the processed document portions. For
instance, commonness score ratios may be calculated by dividing the reference commonness score (e.g., the
highest commonness score) by the commonness score for individual ones of the processed document portions. In
some instances, the document portion with the highest commonness score (the “most uncommon” words) has a
commonness score ratio of 1 (i.e., it is divided by its own commonness score value). Additionally, a document
portion with half the highest commonness score (fewer “uncommon” words and more “common” words) has a
commonness score ratio of 2. As the set of words in a document portion become more “common” the commonness
score ratio increase. As such, a higher commonness score ratio indicates more “common” or frequent words in a
processed document portion. In the context of patent claims, commonness ratio represents an underlying
assumption or premise that claims with fewer unique words tend to be broader than claims with more unique
words, and thus, the commonness score ratio increases as the words in claim become more common.

[0050] Then, breadth scores for the document portions are calculated using the word count ratios and the
commonness score ratios. For instance, the breadth scores may be calculated by taking a square root of the sum
of the square of the word count ratio (wcr) and the square of the commonness score ratio (csr) for the individual
ones of the processed document portions. In some instances, the relative weights of the word count ratio and the
commonness score may be normalized. One technique for normalization is to set the highest respective values
for both word count ratio and commonness score ratio to 100. If, for example, the highest word count ratio is /-
wcr, then all of the wer for the corpus will be multiplied by 100/A-wcr. Similar, in some instances, normalization
may be performed for the commonness score ratio using the highest commonness score ratio (#-csr). Of course,
normalization values other than 100 may be used, such as 1000, 500, 50, 10, or the like. Both are numbers, but
the relative effect on a breadth score may not directly correspond to the respective numerical values. For example,
a word count ratio of 10 may have more or less impact on ultimate breadth than a commonness score ratio of 10.
However, without normalization both contribute equally to the breadth score. As such, the word count ratio may
be weighted by a first normalization value K (e.g. 100/#-wcr) and the commonness score ratio may be weighted

by a second normalization value L (e.g., 100/4-csr). When written in an equation:

Breadth Score = \/K(WCTZ) + L(csr?) )
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Thus, each document portion may be assigned its own breadth score. The breadth scores may be thought of as
measuring the breadth of the document portions because the breadth scores are based on measures of word count
and word commonness. This technique for determining a breadth score also moderates each of the underlying
assumptions or premises behind the word count ratio and the commonness ratio. For example, if a patent claim
is relatively shorter, but uses very uncommon terms, a patent practitioner might still consider the claim to be
narrow due to the restrictive language in the claim. By defining a breadth score based on these two underlying
assumptions, even shorter claims may be ranked not quite as broad if they use terms that are considered limiting
or distinctive within a class in which an ontology is well developed.

[0051] Additionally, overall breadth scores for the documents may be calculated. For instance, an overall
breadth score may be calculated for each document being analyzed using the breadth scores for the document
portions from the respective document. In some examples, calculating the overall breadth score for a document
can include taking an average of the breadth score(s) for one or more document portions within the document. In
some instances, calculating an overall breadth score for a document can include taking the highest, the lowest,
the range, the average, median, mean or the like of the breadth score(s) of the one or more document portions and
producing a composite score or preserving them individually. Additionally, in some instances, one or more of
the breadth scores for one or more of the document portions for a document may be given more weight than one
or more other breadth scores for one or more other document portions. For instance, if a document is a patent,
breadth score(s) of independent claims(s) (¢.g., the broadest independent claim) of the patent may be given more
weight when determining the overall breadth score than breadth score(s) of dependent claim(s) within the patent.
[0052] In some instances, when documents include patents and/or published applications, one or more rules
may be utilized for calculating the overall breadth scores for the patents and/or published applications. For
example, if documents include patents, a rule may specify that only breadth scores associated with the broadest
independent claim and any dependent claim that depends from the broadest independent claim are utilized to
calculate the overall breadth score for the patents using the techniques above (e.g., average, median, etc.). For
example, if documents include patents, a rule may specify that only breadth scores associated with independent
claims are utilized to calculate the overall breadth score for the patents using the techniques above (e.g., average,
median, etc.).

[0053] In some examples, comparative breadth scores for the documents are calculated based at least in part
on the overall breadth scores. For instance, a comparative breadth score may be calculated for each document
being analyzed based on the overall breadth scores of the documents. For example, where the overall breadth
score is based on the score of a single document portion (e.g., broadest or narrowest), the calculation compares
that score to the score of the corresponding single document portion of other documents that are within the
analysis. Where the overall breadth score is based on the score of multiple document portions (e.g., represented

as an average; a weighted or unweighted composite of the broadest, average, and range scores; or as individual
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component scores such as broadest, average, and range), the calculation compares that score or scores to the score
or scores of the corresponding multiple document portions of other documents within the analysis. In some
instances, the comparative breadth score for a document corresponds to the percentage of documents that include
an overall breadth score that is equal to or less than the overall breadth score of the document. In some instances,
the comparative breadth score for a document corresponds to the percentage of documents that include an overall
breadth score that is less than the overall breadth score of the document. In some instances, the comparative
breadth score for a document corresponds to the percentage of documents that include an overall breadth score
that is equal to or greater than the overall breadth score of the document. Still, in some instances, the comparative
breadth score for a document corresponds to the percentage of documents that include an overall breadth score
that is greater than the overall breadth score of the document.

[0054] Where the overall breadth score is based on the score of multiple document portions and is maintained
as individual component scores such as scores associated with the broadest, average, and range of document
portions, calculation may compare cach of those scores to the corresponding scores of the multiple document
portions of other documents within the analysis. For example, in a context where the documents are patents and
the portions are claims, the calculation may compare the breadth score of the broadest claim in a patent to the
breadth score of the broadest claims in all patents within the landscape, providing a rank ordering of the patent
by broadest claim. The calculation may further compare the average breadth of the claims in the patent to the
average breadth of the claims in each of the patents within the landscape, providing a rank ordering of the patent
by average claim breadth. The calculation may further compare the range of breadth of the claims in the patent
to the range of breadth of the claims in each of the patents within the landscape, providing a rank ordering of the
patent by range of claim breadth. Then, the calculation may weight the rank order of each component score
equally, to determine the final breadth score. Such an approach is based on an assumption that a relatively broad
claim is more likely to encompass potentially infringing products, a relatively high average claim breadth reflects
that likelihood across a range of independent and dependent claims, and a relatively high range of breadth reflects
at least some claims are more likely to encompass limitations that reduce the viability of potential challenges to
claim validity.

[0055] The model taxonomy component 128 may be configured to generate a model taxonomy of the
classification models that have been trained and/or utilized. This model taxonomy may be utilized to show
relationships between models and/or to provide search-by-model functionality. Indicators of the model
intersection analyses described herein may be included in the model taxonomy and may be utilized for subsequent
model analyses. These indicators may include indicators between nodes of the model taxonomy, where each node
represents a classification model. Lines or otherwise connectors between nodes may be provided to show which

models were utilized to develop document groupings for the technology at issue.
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[0056] The document analysis platform, as described herein, may be hosted or otherwise utilized by the
document analysis system 104 that may be connected to one or more other systems and/or devices, such as the
client-side devices 102. The client devices 102 may include the one or more user interfaces 116 described herein
and/or may include an application configured to instruct processors 110 of the client devices 102 to display user
interfaces 116 as provided by the system 104 associated with the document analysis platform, such as via an
application residing on memory 114 of the client devices 102 and/or via an Internet browser. The client devices
102 may receive user input, such as user input from the user interfaces 116, and may provide user input data
corresponding to that user input to the system 104 associated with the document analysis platform. The system
104 may utilize that user input data for the various operations described herein.

[0057] As described herein, the document analysis platform may be configured to receive user input data
associated with classification of given documents. To train the classification models utilizing this user input data,
the document analysis platform may perform one or more operations. In some examples, the platform may
generate a positive training dataset indicating in class keywords associated with the documents marked in class
by a user. For example, the platform may determine one or more keywords associated with a given document
that represent the subject matter of that document. This may be performed utilizing one or more document
processing techniques, such as term frequency inverse document frequency techniques, for example. The
platform may also generate a negative training dataset indicating keywords from the documents marked out of
class by the user input. Each of these training datasets may then be utilized to train the classification model such
that the classification model is configured to determine whether a given document has keywords that are more
similar to the in class keywords than to the out of class keywords. In other examples, instead of or in addition to
generating training datasets based on keywords, the platform may determine a vector for a given document. The
vector may be associated with a coordinate system and may represent the subject matter of the document in the
form of a vector. Vectors may be generated for the documents labeled in class and for the documents labeled out
of class. The classification model may be trained to determine whether a vector representation of a given
document is closer to the in class vectors than to the out of class vectors in the coordinate system. Techniques to
generate vectors representing documents may include vectorization techniques such as Doc2Vec, or other similar
techniques.

[0058] Additionally, or alternatively, documents representations may include a method that takes a document
and turns it into a vector form as a list of floating point numbers based at least in part on the document’s text
contents. This vector form may be called an embedding. This embedding may be used to calculate distance, and
therefore similarity, between documents. These embeddings could be used in association with the classification
models in addition to or in replacement of the keyword and/or vectors described above. The embeddings may be
utilized to create thematic groups of documents with a set. The set of documents can be some keyword, CPC,

owner(s), etc., and the result may be a visual display of document groups (e.g., clusters) that share similar themes.
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There may be a degree of supervision in the clustering process that may allow for some human control over which
documents are grouped in which clusters.

[0059] In further examples, the classification models may utilize transfer learning. In these examples, a
general-purpose model may be generated and/or received, and each specific classification model may use the
general purpose model as a starting point. Rather than having to train a classification model from scratch, the
model would be fine-tuned from the general purpose model for whatever that model has not already been trained
for with respect to the specific scenario being modeled. These transfer learning techniques may include the user
of ULMFit, BERT, ELMo, and T3, among others.

[0060] In addition to the techniques for training the classification models described above, the classification
models may also be trained and/or organized based at least in part on classifications of the documents. For
example, when the documents are patents and patent applications, a predetermined classification system may be
established for classifying the subject matter of a given document. The classification system may be determined
by the platform, by one or more users, and/or by a third party. For example, patents and patent application may
be associated with a predefined classification system such as the CPC system. The CPC system employs CPC
codes that correspond to differing subject matter, as described in more detail herein. The CPC codes for a given
document may be identified and the categories associated with those codes may be determined. A user interface
may be presented to the user that presents the determined categories and allows a user to select which categories
the user finds in class for a given purpose. The selected categories may be utilized as a feature for training the
classification models. Additionally, or alternatively, the platform may determine the CPC codes for documents
marked as in class and may train the classification models to compare those CPC codes with the CPC codes
associated with the documents to be analyzed to determine classification.

[0061] As shown in FIG. 1, several of the components of the document analysis system 104 and/or the client-
side devices 102 and the associated functionality of those components as described herein may be performed by
one or more of the other systems and/or by the client-side devices 102. Additionally, or alternatively, some or all
of the components and/or functionalities associated with the client-side devices 102 may be performed by the
document analysis system 104.

[0062] It should be noted that the exchange of data and/or information as described herein may be performed
only in situations where a user has provided consent for the exchange of such information. For example, a user
may be provided with the opportunity to opt in and/or opt out of data exchanges between devices and/or with the
remote systems and/or for performance of the functionalities described herein. Additionally, when one of the
devices is associated with a first user account and another of the devices is associated with a second user account,
user consent may be obtained before performing some, any, or all of the operations and/or processes described

herein.
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[0063] As used herein, a processor, such as processor(s) 110 and/or 120, may include multiple processors
and/or a processor having multiple cores. Further, the processors may comprise one or more cores of different
types. For example, the processors may include application processor units, graphic processing units, and so
forth. In one implementation, the processor may comprise a microcontroller and/or a microprocessor. The
processor(s) 110 and/or 120 may include a graphics processing unit (GPU), a microprocessor, a digital signal
processor or other processing units or components known in the art. Alternatively, or in addition, the functionally
described herein can be performed, at least in part, by one or more hardware logic components. For example, and
without limitation, illustrative types of hardware logic components that can be used include field-programmable
gate arrays (FPGAS), application-specific integrated circuits (ASICs), application-specific standard products
(ASSPs), system-on-a-chip systems (SOCs), complex programmable logic devices (CPLDs), etc. Additionally,
cach of the processor(s) 110 and/or 120 may possess its own local memory, which also may store program
components, program data, and/or one or more operating systems.

[0064] The memory 114 and/or 124 may include volatile and nonvolatile memory, removable and non-
removable media implemented in any method or technology for storage of information, such as computer-readable
instructions, data structures, program component, or other data. Such memory 114 and/or 124 includes, but is not
limited to, RAM, ROM, EEPROM, flash memory or other memory technology, CD-ROM, digital versatile disks
(DVD) or other optical storage, magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic
storage devices, RAID storage systems, or any other medium which can be used to store the desired information
and which can be accessed by a computing device. The memory 114 and/or 124 may be implemented as
computer-readable storage media (“CRSM”), which may be any available physical media accessible by the
processor(s) 110 and/or 120 to execute instructions stored on the memory 114 and/or 124. In one basic
implementation, CRSM may include random access memory ("“RAM”) and Flash memory. In other
implementations, CRSM may include, but is not limited to, read-only memory (‘“ROM”), electrically erasable
programmable read-only memory (“EEPROM?”), or any other tangible medium which can be used to store the
desired information and which can be accessed by the processor(s).

[0065] Further, functional components may be stored in the respective memories, or the same functionality
may alternatively be implemented in hardware, firmware, application specific integrated circuits, field
programmable gate arrays, or as a system on a chip (SoC). In addition, while not illustrated, each respective
memory, such as memory 114 and/or 124, discussed herein may include at least one operating system (OS)
component that is configured to manage hardware resource devices such as the network interface(s), the /O
devices of the respective apparatuses, and so forth, and provide various services to applications or components
executing on the processors. Such OS component may implement a variant of the FreeBSD operating system as
promulgated by the FreeBSD Project; other UNIX or UNIX-like variants; a variation of the Linux operating

system as promulgated by Linus Torvalds; the FireOS operating system from Amazon.com Inc. of Seattle,
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Washington, USA; the Windows operating system from Microsoft Corporation of Redmond, Washington, USA;
LynxOS as promulgated by Lynx Software Technologies, Inc. of San Jose, California; Operating System
Embedded (Enca OSE) as promulgated by ENEA AB of Sweden; and so forth.

[0066] The network interface(s) 112 and/or 122 may enable messages between the components and/or
devices shown in system 100 and/or with one or more other remote systems, as well as other networked devices.
Such network interface(s) 112 and/or 122 may include one or more network interface controllers (NICs) or other
types of transceiver devices to send and receive messages over the network 108,

[0067] For instance, each of the network interface(s) 112 and/or 122 may include a personal area network
(PAN) component to enable messages over one or more short-range wireless message channels. For instance, the
PAN component may enable messages compliant with at least one of the following standards IEEE 802.15.4
(ZigBee), IEEE 802.15.1 (Bluetooth), IEEE 802.11 (WiFi), or any other PAN message protocol. Furthermore,
cach of the network interface(s) 112 and/or 122 may include a wide arca network (WAN) component to enable
message over a wide area network.

[0068] In some instances, the document analysis system 104 may be local to an environment associated the
clectronic device 102. For instance, the document analysis system 104 may be located within the electronic device
102. In some instances, some or all of the functionality of the document analysis system 104 may be performed
by the electronic device 102. Also, while various components of the document analysis system 104 have been
labeled and named in this disclosure and each component has been described as being configured to cause the
processor(s) to perform certain operations, it should be understood that the described operations may be performed
by some or all of the components and/or other components not specifically illustrated.

[0069] FIG. 2 illustrates a conceptual diagram 200 of document representations and model representations.
The diagram 200 is described by way of example as a Venn diagram, but it should be understood that other
representations of models and documents is also included in this disclosure. The diagram 200 may include two
or more model representations 202(a)-(c). The model representations 202(a)-(c) may represent trained
classification models associated with one or more subcategories of an identified technology. The training of these
classification models is described in more detail elsewhere herein.

[0070] Each of the model representations 202(a)-(c) may be associated with a given subcategory. As shown
in FIG. 2, model representation 202(a) is associated with Subcategory A 204, model representation 202(b) is
associated with Subcategory B 206, and model representation 202(c) is associated with Subcategory C 208. Each
of these subcategories may be associated with an identified technology. As shown in FIG. 2, each model
representation 202(a)-(c) is illustrated as a circle, however it should be understood that other visualizations of the
model representations 202(a)-(c) are included in this disclosure. It should also be understood that while FIG. 2
shows an example where three models are utilized, this disclosure includes the use of two, three, or more models

to determine model intersections.
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[0071] The diagram 200 may also include document representations 210. These document representations
210 may be positioned relative to the model representations 202(a)-(c) based on whether one or more of the
trained classification models have determined documents corresponding to the document representations 210 to
be in class. Utilizing FIG. 2 as an example, for the trained classification model associated with Subcategory A
204, the model predicted that 10 documents from a sample document set were in class by at least a threshold
confidence value. For the trained classification model associated with Subcategory B 206, the model predicted
that 11 documents from the sample document set were in class by at least a threshold confidence value. For the
trained classification model associated with Subcategory C 208, the model predicted that 11 documents from the
sample document set were in class by at least a threshold confidence value.

[0072] Utilizing the intersection component described herein, documents that are predicted to be in class for
more than one of the trained classification models may be determined. Again utilizing FIG. 2 as an example, a
first group of documents that includes any document predicted to be in class by at least one of the classification
models may be identified. In this example, all 32 documents represented in FIG. 2 may be included in this first
group of documents. A second group of documents that includes any document predicted to be in class by at least
two of the classification models may be identified. Here, that second group may include those documents
predicted as in class by Subcategory A 204 and Subcategory B 206, and also those documents predicted as in
class by Subcategory A 204 and Subcategory C 208, and also those documents predicted as in class by
Subcategory B 206 and Subcategory C 208. This second group includes 8 of the 32 documents. Also a third
group of documents that includes any document predicted to be in class by all of the classification models may
be identified. Here, that third group may include the 1 document predicted as in class by all three of the trained
classification models. These various groupings of documents may be identified by the intersection component as
described herein.

[0073] FIG. 3 illustrates a conceptual diagram 300 of model representations having different confidence
value thresholds. The diagram 300 is described by way of example as a Venn diagram, but it should be understood
that other representations of models and documents is also included in this disclosure. The diagram 300 may
include two or more model representations 202(a)-(c). The model representations 202(a)-(c) may represent
trained classification models associated with one or more subcategories of an identified technology. The training
of these classification models is described in more detail elsewhere herein.

[0074] Each of the model representations 202(a)-(c) may be associated with a given subcategory. As shown
in FIG. 3, model representation 202(a) is associated with Subcategory A 204, model representation 202(b) is
associated with Subcategory B 206, and model representation 202(c) is associated with Subcategory C 208. Each
of these subcategoriecs may be associated with an identified technology. As shown in FIG. 2, each model
representation 202(a)-(c) is illustrated as a circle, however it should be understood that other visualizations of the

model representations 202(a)-(¢) are included in this disclosure.
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[0075] The diagram 200 may also include document representations 210. These document representations
210 may be positioned relative to the model representations 202(a)-(c) based on whether one or more of the
trained classification models have determined documents corresponding to the document representations 210 to
be in class. Utilizing FIG. 3 as an example, for the trained classification model associated with Subcategory A
204, the model predicted that 8 documents from a sample document set were in class by at least a first threshold
confidence value. For the trained classification model associated with Subcategory B 206, the model predicted
that 11documents from the sample document set were in class by at least a second threshold confidence value.
For the trained classification model associated with Subcategory C 208, the model predicted that 11 documents
from the sample document set were in class by at least a third threshold confidence value.

[0076] Utilizing the intersection component described herein, the document groupings may be determined
as described with respect to FIG. 2. Additionally, the confidence component described herein may be utilized to
adjust a confidence score threshold associated with one or more of the trained classification models. Using FIG.
3 as an example, Subcategory A 204 may be associated with a higher confidence score threshold than Subcategory
B 206 and Subcategory C 208. This is illustrated by a circle having a smaller radius than the other circles in the
diagram 300. Subcategory B 206 may have a lower confidence score threshold than Subcategory A 204 and
Subcategory C 208. This is illustrated by a circle having a larger radius than the other circles in the diagram 300.
Subcategory C 208 may have a confidence score threshold that is lower than Subcategory A 204 but more than
Subcategory B 206. This is illustrated by a circle having a radius that is greater than the circle for Subcategory
A 204 but smaller than the circle for Subcategory C 208. A user of the document analysis platform, and/or the
platform itself may adjust the confidence score thresholds, which may cause certain documents to be included
and/or excluded from the groupings described herein. By allowing the thresholds for each of the models to be
adjusted individually, documents that are more or less relevant to a given subcategory may be identified.

[0077] FIG. 4 illustrates a conceptual diagram 400 of components utilized for document analysis by model
intersections and utilizing claim breadth scoring. The diagram 400 includes document representations 402-422,
corresponding to Documents A-K. These documents may represent a sample document set to be analyzed by the
document analysis platform described herein. As illustrated in more detail above, a model builder component
may build and/or train classification models to predict whether documents in the sample document set are in class
for a given model.

[0078] The intersection component 130 may be configured to determine which of the documents are
predicted as in class for different groupings of intersections between the classification models. The intersection
component 130 may be configured to identify subcategories of a given technology and/or to receive user input
indicating the subcategories. The subcategories may represent a portion of the identified technology. Utilizing
this methodology, a first classification model may be trained utilizing a positive and/or negative training dataset

for a first subcategory of the identified technology, and a second classification model may be trained utilizing a
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positive and/or negative training dataset for a second subcategory of the identified technology. Additional models
for additional subcategories of the identified technology may also be trained. Thereafter, each of the classification
models may be utilized to determine, by the intersection component 130, subsets of documents that are in class
for each of the models. Take for example a sample document set of 10,000 documents to be analyzed to determine
which of those documents are in class with respect to an identified technology with three subcategories. A first
classification model for a first subcategory may identify 500 of the 10,000 documents that are in class with respect
to the first subcategory; a second classification model for a second subcategory may identify 750 of the 10,000
documents that are in class with respect to the second subcategory; and a third classification model for a third
subcategory may identify 400 of the 10,000 documents that are in class with respect to the third subcategory.
[0079] Utilizing the model intersection component 130, differing groups of the documents identified as in
class may be generated as results. For example, a first group may include any document that is identified as in
class by at least one of the classification models. A second group may include any document that is identified as
in class by at least two of the classification models. A third group may include any document that is identified as
in class by cach of the classification models. As will be appreciated from the example provided above, for the
first group, the number of in class documents will be more than the second group, and the number of in class
documents in the second group will be more than the third group. In this way, the third group of documents
indicated to be in class by each of the classification models represent those documents in the sample group of
documents that are relevant to cach subcategory of the identified technology. The results of these model
intersection analyses may be provided to a computing device, such as the client-side device, associated with the
search query. For example, the in class documents in some or all of the groupings may be displayed to a user of
the computing device, and/or identified of the documents and/or the groupings may be provided.

[0080] As shown in FIG. 4, the result of operations performed utilizing the intersection component 130 is a
subset of the sample documents, particularly Document C 406, Document E 410, Document I 418, Document J
420, and Document K 422. Thereafter, the claim breadth component 134 may be configured to determine one or
more additional factors of the documents, and to utilize those factors to emphasize some or all of the documents
in the subset. By way of example, one factor to be applied may be a claim breadth score, particularly in instances
where the documents in question represent patents and/or patent applications. As will be described more fully
herein, a claims section of the documents may be analyzed to determine a breadth of the claims, with documents
having broad claims receiving a more favorable score and documents having narrow claims receiving a less
favorable score. Additional factors other than claim breadth may be analyzed and applied as well to score
documents. In these examples, the model intersection analyses described herein may be utilized to identify the
groupings of documents described herein. Thereafter, the resulting documents may be analyzed for the one or
more additional factors to determine which of those documents should be identified as responsive to a given

search query and/or which of those document should be highlighted or otherwise emphasized. The example result
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of this process, as shown in FIG. 4, is that the subset of documents is further paired down, here to Document C
406, Document I 418, and Document K 422.

[0081] FIG. 5 illustrates a conceptual diagram of user interfaces and components utilized for training models
for document analysis. FIG. 5 illustrates a progression, from left to right and top to bottom, of information
displayed on and/or interactions with one or more user interfaces.

[0082] In examples, a full document user interface may include information about documents being reviewed
by a user, such as the document title, publication number, abstract, claims, and category notes such as the number
of documents marked in class and out of class, the number of documents skipped, the number of documents that
have been labeled, and analysis details of the document. The user interface may provide additional information
regarding some or all of the aspects of a given document. For example, additional portions of the abstract and/or
additional claims and/or claim language may be displayed. Additionally, the category progress information and
analysis details may be displayed in a category notes window. The analysis details may include the prediction
made with respect to the document, such as whether a classification model determined that the document was in
class or out of class, a confidence value associated with that determination, and a claim score associated with the
claims of the document.

[0083] In addition to the above, the user interface may provide a voting window 502 that may allow a user
to provide user input indicating whether the document should be labeled as relevant or otherwise “in class” or
irrelevant or otherwise “out of class.” Additional options may include “skip” and “undo” for example. The voting
window 502 may also be utilized to present one or more of the keywords to enable “hotkeys™ or otherwise shortcut
keys to allow for the user input via a keyboard or similar device as opposed to a mouse scrolling and clicking one
of the options, and an option to utilize uncertainty sampling. For example, a user may view the information about
the document in the user interface. After review of some or all of the information being displayed, the user may
determine that the document is either in class or out of class (or determine that the document is to be skipped). In
examples where the document is to be labeled as in class, the user may utilize one or more input means to select
a portion of the screen corresponding to the “in” option. In examples where the document is to be labeled as out
of class, the user may utilize one or more input means to select a portion of the screen corresponding to the “out”
option. Alternatively, when hotkeys are enabled, the user may sclect the corresponding hotkey on a keyboard
(whether physical or digital). Upon selection of one of the options in the voting window 502, the user interface
may be caused to display the next unlabeled document in the document set to allow the user to review that
document and provide user input associated with the classification of that document.

[0084] As shown in FIG. 5, when a user selects the “in” portion of the user interface and/or otherwise
indicates that the given document is in class, that document and/or a feature and/or attribute of that document may
be saved to a positive dataset 504. For example, when the models utilize keywords for document comparison as

described herein, keywords associated with the document labeled “in” may be stored in association with the
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positive dataset 504, along with additional information such as weighting values associated with the keywords
and/or confidence values associated with the determination of the keywords. In examples where the models
utilize vectors for document comparison as described herein, a vector associated with the document labeled “in”
may be stored in association with the positive dataset 504, along with additional information such as weighting
values and/or confidence values. Additional documents where the user indicates that the documents are in class
may also be stored in association with the positive dataset 504.

[008S] When a user selects the “out” portion of the user interface and/or otherwise indicates that the given
document is out of class, that document and/or a feature and/or attribute of that document may be saved to a
negative dataset 506. For example, when the models utilize keywords for document comparison as described
herein, keywords associated with the document labeled “out” may be stored in association with the negative
dataset 506, along with additional information such as weighting values associated with the keywords and/or
confidence values associated with the determination of the keywords. In examples where the models utilize
vectors for document comparison as described herein, a vector associated with the document labeled “out” may
be stored in association with the negative dataset 506, along with additional information such as weighting values
and/or confidence values. Additional documents where the user indicates that the documents are out of class may
also be stored in association with the negative dataset 506.

[0086] As described more fully herein, the classification model may be trained utilizing the labeled
documents. For example, the datasets 504, 506 may be utilized to train the classification model how to identify,
for the documents that have not been labeled, whether a given document is in class or out of class. To do so, the
datasets 504, 506 may be utilized by the model builder component 126 to train the classification model to compare
in class and out of class keywords with keywords representative of a sample document, and/or to compare in class
and out of class vectors with a vector representative of the sample document.

[0087] FIG. 6 illustrates a conceptual diagram of user interfaces 600 showing keywords associated with
trained models.

[0088] The user interface 600 may provide a visual indication of the keywords that a given classification
model has determined to be included as in class and those keywords that the model has determined to be excluded
as out of class. For example, as described more fully elsewhere herein, the models may utilize training datasets
indicating which documents are labeled in class and which documents are labeled out of class. Features of those
documents may be identified that represent the documents, and those features may be utilized to train the models.
In examples, the features may include keywords that represent the text of the document. The presentation of these
keywords in the user interface 600 may take one or more forms, such as a list as illustrated in FIG. 6. Other forms
may include a word cloud, where the size, font, emphasis, and spacing of the keywords from each other may
indicate the relative importance of a given keyword to the included and excluded groupings. For example, the

user interface 600 may include an included keyword window 602 and an excluded keyword window 604. The
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included keyword window 602 may provide a visual indication of the keywords that the model has determined
are representative of the documents labeled as in class. The excluded keyword window 604 may provide a visual
indication of the keywords that the model has determined are representative of the documents labeled as out of
class. The keywords may each be associated with a different weighting value or otherwise may be more or less
important for determining document classification. A visual indication of these weighting values may be provided
in the included keyword window 602 and the excluded keyword window 604. For example, a keyword located
in the center of the word cloud with larger, darker, more emphasized font than other keywords may be the most
relevant keyword to the grouping. As shown in FIG. 6, the example lists illustrate that the keyword “Word A” is
most important for determining relevant documents while keyword “Word 17 is most important for determining
out of class documents. In the list view, an indication of the importance and/or a confidence value associated
with the keyword being included in a given window may be displayed. This may provide the user with an
indication of not just the ranking of the keywords, but how important those keywords have been determined by
the classification model.

[0089] In examples, the user interface 600 may be configured to receive user input associated with the
keywords. For example, the user input may include a user confirming that a keyword should be included in one
or more of the included keyword window 602 and the excluded keyword window 604. The user input may also
include a user indicating that a given keyword should be removed, deemphasized, or emphasized more than it
currently is. User input data corresponding to the user input may be utilized to retrain the classification model.
Additionally, a user may provide user input indicating that a word that is not included in a given window should
be included, and the classification model may be retrained based at least in part on that user input data.

[0090] Additionally, as shown in FIG. 6, user input may be utilized by the confidence component 132 to
determine whether a confidence score threshold is to be adjusted with respect to a given model. By way of
example, user input data may indicate that the confidence score threshold is to be increased, which may result in
fewer keywords being identified in the positive dataset and in the negative dataset. In this example, the user was
able to provide input indicating that Word C and Word F should not be included in the representative words for
the positive training dataset and that Word 2, Word 3, and Word 6 should not be included in the representative
words for the negative training dataset. This change may impact which documents are identified as in class for
given models, and/or which of those documents is identified by the intersection component as being in class with
respect to two or more of the models.

[0091] FIG. 7 illustrates a conceptual diagram of a model taxonomy. For example, in addition to the training
of classification models as described above, once the classification models are trained such that the models are
determined to accurately predict classification as trained, the models may be placed in a model taxonomy 700.
The model taxonomy 700 may represent a taxonomy tree or otherwise a model hierarchy indicating relationships

between models and/or a level of specificity associated with the models. For example, as shown in FIG. 7, a first
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model 702 associated with determining whether documents are in class with respect to “Technology A,” may be
associated with other models 704, 710, 716 trained to determine whether documents are in class with respect to
“Technology B,” “Technology C,” and “Technology D,” respectively. Each of these models may also be
associated with other models 706, 708, 712, 714, 718, 720 trained to determine more specific aspects of these
components. This taxonomy 700 may be searchable and may provide functionality that allows a user to provide
a search query for a model. The keywords from the search query may be utilized to identify models that may be
applicable to the search query and/or to highlight “branches” of the taxonomy associated with the search query.
[0092] As shown in FIG. 7, the models in the model taxonomy 700 may be linked to each other in one or
more ways. For example, when the subject matter of one model is related to the subject matter of another model,
those models may be linked in the taxonomy 700. In some examples, the nodes of the taxonomy representing the
models may be determined utilizing a predefined subject matter classification system, such as the CPC system
described herein.

[0093] Additionally, the model taxonomy 700 may include one or more indicators of model intersections as
described herein. For example, Intersection A 750 may represent an intersection indicator for two of more of the
models. As illustrated in FIG. 7, Intersection A 750 marks an intersection between Technology B 704,
Technology C 710, and Technology F 708. The indicator may be selectable, such as in a search-by-model
example, and sample documents may be analyzed by the associated models. The intersection component may
utilize the results of that analysis to determine model intersections where documents are predicted to be in class
by multiple models.

[0094] FIGS. 8 and 9 illustrate processes associated with document analysis using model intersections. The
processes described herein are illustrated as collections of blocks in logical flow diagrams, which represent a
sequence of operations, some or all of which may be implemented in hardware, software or a combination thereof.
In the context of software, the blocks may represent computer-executable instructions stored on one or more
computer-readable media that, when executed by one or more processors, program the processors to perform the
recited operations. Generally, computer-executable instructions include routines, programs, objects, components,
data structures and the like that perform particular functions or implement particular data types. The order in
which the blocks are described should not be construed as a limitation, unless specifically noted. Any number of
the described blocks may be combined in any order and/or in parallel to implement the process, or alternative
processes, and not all of the blocks need be executed. For discussion purposes, the processes are described with
reference to the environments, architectures and systems described in the examples herein, such as, for example
those described with respect to FIGS. 1-7, although the processes may be implemented in a wide variety of other
environments, architectures and systems.

[0095] FIG. 8 illustrates a flow diagram of an example process 800 utilized for document analysis using

model intersections. The order in which the operations or steps are described is not intended to be construed as a
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limitation, and any number of the described operations may be combined in any order and/or in parallel to
implement process 800. The operations described with respect to the process 800 are described as being
performed by a client device, and/or a system associated with the document analysis platform. However, it should
be understood that some or all of these operations may be performed by some or all of components, devices,
and/or systems described herein.

[0096] At block 802, the process 800 may include receiving first data representing a user query to identify
patent documents that are relevant to an identified technology. For example, a secarch query may be received to
identify a set of documents that are relevant to that search query. The search query may include one or more
keywords and/or phrases that define what is relevant to the search query. Utilizing the document analysis platform
described herein, a set of documents with keywords that correspond to the search query may be identified.
[0097] At block 804, the process 800 may include identifying a first subcategory associated with the
identified technology. For example, the system may utilize the keywords from the identified technology to
determine that some of those keywords are associated with a subcategory that may stand as an individual
component of the identified technology. In other examples, user input data may indicate a given subcategory
associated with the identified technology.

[0098] At block 806, the process 800 may include generating a first predictive model configured to identify
the patent documents that are relevant to the first subcategory. For example, one or more document classification
models may be built and/or trained utilizing user input indicating whether given documents are in class or out of
class. As described more fully herein, a user may utilize a user interface to view all or a portion of given
documents and select elements on the user interface to identify the given documents as in class or out of class.
Once a threshold number of documents have been marked as in class or out of class by a user, one or more
classification models may be trained based on a positive training dataset of the documents marked as in class, and
in some examples a negative training dataset of the documents marked as out of class. Thereafter, the trained
classifications models may be utilized to predict which documents in the balance of the set of documents are in
class or out of class.

[0099] At block 808, the process 800 may include identifying a second subcategory associated with the
identified technology. Identifying the second subcategory may be performed in the same or a similar manner as
identifying the first subcategory as described with respect to block 804.

[0100] At block 810, the process 800 may include generating a second predictive model configured to
identify the patent documents that are relevant to the second subcategory. Generating the second predictive model
may be performed in the same or a similar manner as generating the first predictive model as described with
respect to block 806.

[0101] At block 812, the process 800 may include providing, as first input to the first predictive model,

second data representing sample patent documents. For example, a document database, such as from a third-party

27



10

15

20

25

30

WO 2022/169795 PCT/US2022/014826

system and/or from a device associated with the user query, may be queried for sample documents that are
responsive to keywords from the user query.

[0102] At block 814, the process 800 may include generating, as first output from the first predictive model,
third data identifying a first subset of the sample patent documents determined by the first predictive model to be
in class. For example, the models may be configured to determine whether a given document has keywords that
are more similar to the in class keywords than to the out of class keywords. In other examples, instead of or in
addition to generating training datasets based on keywords, the platform may determine a vector for a given
document. The vector may be associated with a coordinate system and may represent the subject matter of the
document in the form of a vector. Vectors may be generated for the documents labeled in class and for the
documents labeled out of class. The classification model may be trained to determine whether a vector
representation of a given document is closer to the in class vectors than to the out of class vectors in the coordinate
system. Techniques to generate vectors representing documents may include vectorization techniques such as
Doc2Vec, or other similar techniques.

[0103] Additionally, or alternatively, documents representations may include a method that takes a document
and turns it into a vector form as a list of floating point numbers based at least in part on the document’s text
contents. This vector form may be called an embedding. This embedding may be used to calculate distance, and
therefore similarity, between documents. These embeddings could be used in association with the classification
models in addition to or in replacement of the keyword and/or vectors described above. The embeddings may be
utilized to create thematic groups of documents with a set. The set of documents can be some keyword, CPC,
owner(s), etc., and the result may be a visual display of document groups (e.g., clusters) that share similar themes.
There may be a degree of supervision in the clustering process that may allow for some human control over which
documents are grouped in which clusters.

[0104] At block 816, the process 800 may include providing, as second input to the second predictive model,
the second data representing the sample patent documents. Providing the second data may be performed in the
same or a similar manner as providing the first data as described with respect to block 812.

[0105] At block 818, the process 800 may include generating, as second output from the second predictive
model, fourth data identifying a second subset of the sample patent documents determined by the second
predictive model to be in class. Generating the second subset may be performed in the same or a similar manner
to generating the first subset as described with respect to block 814.

[0106] At block 820, the process 800 may include determining a third subset of the sample patent documents
that are in the first subset and the second subset. Take for example a sample document set of 10,000 documents
to be analyzed to determine which of those documents are in class with respect to an identified technology with

three subcategories. A first classification model for a first subcategory may identify 500 of the 10,000 documents
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that are in class with respect to the first subcategory; and a second classification model for a second subcategory
may identify 750 of the 10,000 documents that are in class with respect to the second subcategory.

[0107] Utilizing the model intersection component, differing groups of the documents identified as in class
may be generated as results. For example, a first group may include any document that is identified as in class
by at least one of the classification models. A second group may include any document that is identified as in
class by at least two of the classification models. A third group may include any document that is identified as in
class by each of the classification models, particularly where three models are utilized. As will be appreciated
from the example provided above, for the first group, the number of in class documents will be more than the
second group, and the number of in class documents in the second group will be more than the third group. In
this way, the third group of documents indicated to be in class by each of the classification models represent those
documents in the sample group of documents that are relevant to each subcategory of the identified technology.
[0108] At block 822, the process 800 may include causing a device associated with the user query to display
at least identifiers of the third subset of the sample patent documents as relevant to the identified technology. For
example, the results of these model intersection analyses may be provided to a computing device, such as a client-
side device, associated with the user query. For example, the in class documents in some or all of the groupings
may be displayed to a user of the computing device, and/or identification of the documents and/or the groupings
may be provided.

[0109] Additionally, or alternatively, the process 800 may include identifying a third subcategory associated
with the identified technology. The process 800 may also include generating a third predictive model configured
to identify the patent documents that are relevant to the third subcategory. The process 800 may also include
generating, as output from the third predictive model, fifth data identifying a fourth subset of the sample patent
documents determined by the third predictive model to be in class. In these examples, the third subset includes
the sample patent documents that: are in the first subset, the second subset, and the fourth subset; or are in at least
two of the first subset, the second subset, and the fourth subset.

[0110] Additionally, or alternatively, the process 800 may include determining a first confidence threshold
to apply to the first predictive model, the first confidence threshold indicating a first degree of confidence for
predicting a given patent document as in class. The process 800 may also include determining a second
confidence threshold to apply to the second predictive model, the second confidence threshold indicating a second
degree of confidence for predicting the given patent document as in class, wherein the first confidence threshold
differs from the second confidence threshold. In these examples, generating the third data is based at least in part
on the first confidence threshold; and generating the fourth data is based at least in part on the second confidence
threshold.

[0111] Additionally, or alternatively, the process 800 may include determining a claim breadth value

indicating a claim breadth of claims of the individual ones of the sample patent documents in the third subset.
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The process 800 may also include determining a fourth subset of the sample patent documents that are in the third
subset and have a claim breadth value that satisfies a threshold claim breadth value. The process 800 may also
include causing the device to prioritize display of identifiers for the fourth subset of the sample patent documents.
[0112] FIG. 9 illustrates a flow diagram of another example process 900 utilized for document analysis using
model intersections. The order in which the operations or steps are described is not intended to be construed as a
limitation, and any number of the described operations may be combined in any order and/or in parallel to
implement process 900. The operations described with respect to the process 900 are described as being
performed by a client device, and/or a system associated with the document analysis platform. However, it should
be understood that some or all of these operations may be performed by some or all of components, devices,
and/or systems described herein.

[0113] At block 902, the process 900 may include generating a first predictive model configured to identify
documents that are relevant to a first subcategory associated with an identified technology. For example, the
system may utilize keywords from an identified technology to determine that some of those keywords are
associated with a subcategory that may stand as an individual component of the identified technology. In other
examples, user input data may indicate a given subcategory associated with the identified technology. Then, one
or more document classification models may be built and/or trained utilizing user input indicating whether given
documents are in class or out of class. As described more fully herein, a user may utilize a user interface to view
all or a portion of given documents and select elements on the user interface to identify the given documents as
in class or out of class. Once a threshold number of documents have been marked as in class or out of class by a
user, one or more classification models may be trained based on a positive training dataset of the documents
marked as in class, and in some examples a negative training dataset of the documents marked as out of class.
Thereafter, the trained classifications models may be utilized to predict which documents in the balance of the set
of documents are in class or out of class.

[0114] At block 904, the process 900 may include generating a second predictive model configured to
identify the documents that are relevant to a second subcategory associated with the identified technology.
Generating the second predictive model may be performed in the same or a similar manner as generating the first
predictive model as described with respect to block 902.

[0115] At block 906, the process 900 may include generating, utilizing the first predictive model, first data
identifying a first subset of sample documents determined to be in class. For example, the models may be
configured to determine whether a given document has keywords that are more similar to the in class keywords
than to the out of class keywords. In other examples, instead of or in addition to generating training datasets
based on keywords, the platform may determine a vector for a given document. The vector may be associated
with a coordinate system and may represent the subject matter of the document in the form of a vector. Vectors

may be generated for the documents labeled in class and for the documents labeled out of class. The classification
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model may be trained to determine whether a vector representation of a given document is closer to the in class
vectors than to the out of class vectors in the coordinate system. Techniques to generate vectors representing
documents may include vectorization techniques such as Doc2Vec, or other similar techniques.

[0116] Additionally, or alternatively, documents representations may include a method that takes a document
and turns it into a vector form as a list of floating point numbers based at least in part on the document’s text
contents. This vector form may be called an embedding. This embedding may be used to calculate distance, and
therefore similarity, between documents. These embeddings could be used in association with the classification
models in addition to or in replacement of the keyword and/or vectors described above. The embeddings may be
utilized to create thematic groups of documents with a set. The set of documents can be some keyword, CPC,
owner(s), etc., and the result may be a visual display of document groups (e.g., clusters) that share similar themes.
There may be a degree of supervision in the clustering process that may allow for some human control over which
documents are grouped in which clusters.

[0117] At block 908, the process 900 may include generating, utilizing the second predictive model, second
data identifying a second subset of the sample documents determined to be in class. Generating the second data
may be performed in the same or a similar manner as generating the first data described with respect to block 906.
[0118] Atblock 910, the process 900 may include generating third data indicating a third subset of the sample
documents that are in the first subset and the second subset. Take for example a sample document set of 10,000
documents to be analyzed to determine which of those documents are in class with respect to an identified
technology with three subcategories. A first classification model for a first subcategory may identify 500 of the
10,000 documents that are in class with respect to the first subcategory; and a second classification model for a
second subcategory may identify 750 of the 10,000 documents that are in class with respect to the second
subcategory.

[0119] Utilizing the model intersection component, differing groups of the documents identified as in class
may be generated as results. For example, a first group may include any document that is identified as in class
by at least one of the classification models. A second group may include any document that is identified as in
class by at least two of the classification models. A third group may include any document that is identified as in
class by each of the classification models, particularly where three models are utilized. As will be appreciated
from the example provided above, for the first group, the number of in class documents will be more than the
second group, and the number of in class documents in the second group will be more than the third group. In
this way, the third group of documents indicated to be in class by each of the classification models represent those
documents in the sample group of documents that are relevant to each subcategory of the identified technology.
[0120] Additionally, or alternatively, the process 900 may include generating a third predictive model
configured to identify the documents that are relevant to a third subcategory associated with the identified

technology. The process 900 may also include generating, utilizing the third predictive model, fourth data
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identifying a fourth subset of the sample documents determined to be in class. In these examples, the third subset
includes the sample documents that are in the first subset, the second subset, and the fourth subset.

[0121] Additionally, or alternatively, the process 900 may include determining a first confidence threshold
to apply to the first predictive model. The process 900 may also include determining a second confidence
threshold to apply to the second predictive model, the first confidence threshold differing from the second
confidence threshold. In these examples, generating the first data is based at least in part on the first confidence
threshold and generating the second data is based at least in part on the second confidence threshold.

[0122] Additionally, or alternatively, the process 900 may include determining, for individual ones of the
sample documents, a claim score for claims of the individual ones of the sample documents. The process 900
may also include determining a fourth subset of the sample documents that are in the third subset and have a claim
score that satisfies a threshold claim score.

[0123] Additionally, or alternatively, the process 900 may include generating a user interface configured to
display keywords from documents predicted as in class by the first predictive model utilizing the first confidence
threshold. The process 900 may also include receiving user input data indicating a second confidence threshold
to apply to the first predictive model, the user input data in response to the keywords as displayed via the user
interface. The process 900 may also include applying the second confidence threshold to the first predictive
model instead of the first confidence threshold.

[0124] Additionally, or alternatively, the process 900 may include generating first vectors representing the
documents associated with the third subset in a coordinate system. The process 900 may also include determining
an area of the coordinate system associated with the first vectors. The process 900 may also include identifying
additional documents represented by second vectors in the coordinate system that are within the arca.

[0125] Additionally, or alternatively, the process 900 may include generating a third predictive model
configured to identify the documents that are relevant to a third subcategory associated with the identified
technology. The process 900 may also include generating, utilizing the third predictive model, fourth data
identifying a fourth subset of the sample documents determined to be in class. In these examples, the third subset
includes the sample documents that are in at least one of: the first subset and the second subset; the second subset
and the fourth subset; or the first subset and the fourth subset.

[0126] Additionally, or alternatively, the process 900 may include storing a model hierarchy of predictive
models including the first predictive model and the second predictive model, the model hierarchy indicating
relationships between the predictive models. The process 900 may also include generating an indicator that in-
class prediction of documents for the identified technology is performed utilizing the first predictive model and
the second predictive model. The process 900 may also include receiving a search query for a model to utilize

from the model hierarchy and determining that the search query corresponds to the identified technology. The
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process 900 may also include providing response data to the search query representing the indicator instead of the
first predictive model and the second predictive model.

[0127] Example clauses.

[0128] 1. A method comprising: receiving first data representing a user query to identify patent documents
that are relevant to an identified technology; identifying a first subcategory associated with the identified
technology; generating a first predictive model configured to identify the patent documents that are relevant to
the first subcategory; identifying a second subcategory associated with the identified technology; generating a
second predictive model configured to identify the patent documents that are relevant to the second subcategory;
providing, as first input to the first predictive model, second data representing sample patent documents;
generating, as first output from the first predictive model, third data identifying a first subset of the sample patent
documents determined by the first predictive model to be in class; providing, as second input to the second
predictive model, the second data representing the sample patent documents; generating, as second output from
the second predictive model, fourth data identifying a second subsct of the sample patent documents determined
by the second predictive model to be in class; determining a third subset of the sample patent documents that are
in the first subset and the second subset; and causing a device associated with the user query to display at least
identifiers of the third subset of the sample patent documents as relevant to the identified technology.

[0129] 2. The method of clause 1, further comprising: identifying a third subcategory associated with the
identified technology; generating a third predictive model configured to identify the patent documents that are
relevant to the third subcategory; generating, as output from the third predictive model, fifth data identifying a
fourth subset of the sample patent documents determined by the third predictive model to be in class; and wherein
the third subset includes the sample patent documents that: are in the first subset, the second subset, and the fourth
subset; or are in at least two of the first subset, the second subset, and the fourth subset.

[0130] 3. The method of clauses 1 and/or 2, further comprising: determining a first confidence threshold to
apply to the first predictive model, the first confidence threshold indicating a first degree of confidence for
predicting a given patent document as in class; determining a second confidence threshold to apply to the second
predictive model, the second confidence threshold indicating a second degree of confidence for predicting the
given patent document as in class, wherein the first confidence threshold differs from the second confidence
threshold; and wherein: generating the third data is based at least in part on the first confidence threshold; and
generating the fourth data is based at least in part on the second confidence threshold.

[0131] 4. The method of any of clauses 1, 2, and/or 3, further comprising: determining a claim breadth value
indicating a claim breadth of claims of the individual ones of the sample patent documents in the third subset;
determining a fourth subset of the sample patent documents that are in the third subset and have a claim breadth
value that satisfies a threshold claim breadth value; and causing the device to prioritize display of identifiers for

the fourth subset of the sample patent documents.
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[0132] 5. A system, comprising: one or more processors; and non-transitory computer-readable media
storing computer-executable instructions that, when executed by the one or more processors, cause the one or
more processors to perform operations comprising: generating a first predictive model configured to identify
documents that are relevant to a first subcategory associated with an identified technology; generating a second
predictive model configured to identify the documents that are relevant to a second subcategory associated with
the identified technology; generating, utilizing the first predictive model, first data identifying a first subset of
sample documents determined to be in class; generating, utilizing the second predictive model, second data
identifying a second subset of the sample documents determined to be in class; and generating third data indicating
a third subset of the sample documents that are in the first subset and the second subset.

[0133] 6. The system of clause 5, the operations further comprising: generating a third predictive model
configured to identify the documents that are relevant to a third subcategory associated with the identified
technology; generating, utilizing the third predictive model, fourth data identifying a fourth subset of the sample
documents determined to be in class; and wherein the third subset includes the sample documents that are in the
first subset, the second subset, and the fourth subset.

[0134] 7. The system of clauses 5 and/or 6, the operations further comprising: determining a first confidence
threshold to apply to the first predictive model; determining a second confidence threshold to apply to the second
predictive model, the first confidence threshold differing from the second confidence threshold; and wherein:
generating the first data is based at least in part on the first confidence threshold; and generating the second data
is based at least in part on the second confidence threshold.

[0135] 8. The system of any of clauses 5, 6, and/or 7, the operations further comprising: determining, for
individual ones of the sample documents, a claim score for claims of the individual ones of the sample documents;
and determining a fourth subset of the sample documents that are in the third subset and have a claim score that
satisfies a threshold claim score.

[0136] 9. The system of any of clauses 5, 6, 7, and/or 8, wherein the first predictive model is associated with
a first confidence threshold indicating a first degree of confidence for predicting a given patent document as in
class, and the operations further comprise: generating a user interface configured to display keywords from
documents predicted as in class by the first predictive model utilizing the first confidence threshold; receiving
user input data indicating a second confidence threshold to apply to the first predictive model, the user input data
in response to the keywords as displayed via the user interface; and applying the second confidence threshold to
the first predictive model instead of the first confidence threshold.

[0137] 10. The system of any of clauses 5, 6, 7, 8, and/or 9, the operations further comprising: generating
first vectors representing the documents associated with the third subset in a coordinate system; determining an
area of the coordinate system associated with the first vectors; and identifying additional documents represented

by second vectors in the coordinate system that are within the area.
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[0138] 11. The system of any of clauses 3, 6, 7, 8, 9, and/or 10, the operations further comprising: generating
a third predictive model configured to identify the documents that are relevant to a third subcategory associated
with the identified technology; generating, utilizing the third predictive model, fourth data identifying a fourth
subset of the sample documents determined to be in class; and wherein the third subset includes the sample
documents that are in at least one of: the first subset and the second subset; the second subset and the fourth
subset; or the first subset and the fourth subset.

[0139] 12. The system of any of clauses 5, 6, 7, 8, 9, 10, and/or 11, the operations further comprising: storing
a model hierarchy of predictive models including the first predictive model and the second predictive model, the
model hierarchy indicating relationships between the predictive models; generating an indicator that in-class
prediction of documents for the identified technology is performed utilizing the first predictive model and the
second predictive model; receiving a search query for a model to utilize from the model hierarchy; determining
that the search query corresponds to the identified technology; and providing response data to the search query
representing the indicator instead of the first predictive model and the second predictive model.

[0140] 13. A method, comprising: generating a first predictive model configured to identify documents that
are relevant to a first subcategory associated with an identified technology; generating a second predictive model
configured to identify the documents that are relevant to a second subcategory associated with the identified
technology; generating, utilizing the first predictive model, first data identifying a first subset of sample
documents determined to be in class; generating, utilizing the second predictive model, second data identifying a
second subset of the sample documents determined to be in class; and generating third data indicating a third
subset of the sample documents that are in the first subset and the second subset.

[0141] 14. The method of clause 13, further comprising: generating a third predictive model configured to
identify the documents that are relevant to a third subcategory associated with the identified technology;
generating, utilizing the third predictive model, fourth data identifying a fourth subset of the sample documents
determined to be in class; and wherein the third subset includes the sample documents that are in the first subset,
the second subset, and the fourth subset.

[0142] 15. The method of clauses 13 and/or 14, further comprising: determining a first confidence threshold
to apply to the first predictive model; determining a second confidence threshold to apply to the second predictive
model, the first confidence threshold differing from the second confidence threshold; and wherein: generating the
first data is based at least in part on the first confidence threshold; and generating the second data is based at least
in part on the second confidence threshold.

[0143] 16. The method of any of clauses 13, 14, and/or 15, further comprising: determining, for individual
ones of the sample documents, a claim score for claims of the individual ones of the sample documents; and
determining a fourth subset of the sample documents that are in the third subset and have a claim score that

satisfies a threshold claim score.
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[0144] 17. The method of any of clauses 13, 14, 15, and/or 16, wherein the first predictive model is associated
with a first confidence threshold indicating a first degree of confidence for predicting a given patent document as
in class, and the method further comprises: generating a user interface configured to display keywords from
documents predicted as in class by the first predictive model utilizing the first confidence threshold; receiving
user input data indicating a second confidence threshold to apply to the first predictive model, the user input data
in response to the keywords as displayed via the user interface; and applying the second confidence threshold to
the first predictive model instead of the first confidence threshold.

[0145] 18. The method of any of clauses 13, 14, 15, 16, and/or 17, further comprising: generating first vectors
representing the documents associated with the third subset in a coordinate system; determining an area of the
coordinate system associated with the first vectors; and identifying additional documents represented by second
vectors in the coordinate system that are within the area.

[0146] 19. The method of any of clauses 13, 14, 15, 16, 17, and/or 18, further comprising: generating a third
predictive model configured to identify the documents that are relevant to a third subcategory associated with the
identified technology:; generating, utilizing the third predictive model, fourth data identifying a fourth subset of
the sample documents determined to be in class; and wherein the third subset includes the sample documents that
are in at least one of: the first subset and the second subset; the second subset and the fourth subset; or the first
subset and the fourth subset.

[0147] 20. The method of any of clauses 13, 14, 15, 16, 17, 18, and/or 19, further comprising: storing a
model hierarchy of predictive models including the first predictive model and the second predictive model, the
model hierarchy indicating relationships between the predictive models; generating an indicator that in-class
prediction of documents for the identified technology is performed utilizing the first predictive model and the
second predictive model; receiving a search query for a model to utilize from the model hierarchy; determining
that the search query corresponds to the identified technology; and providing response data to the search query
representing the indicator instead of the first predictive model and the second predictive model.

[0148] While the foregoing invention is described with respect to the specific examples, it is to be understood
that the scope of the invention is not limited to these specific examples. Since other modifications and changes
varied to fit particular operating requirements and environments will be apparent to those skilled in the art, the
invention is not considered limited to the example chosen for purposes of disclosure, and covers all changes and
modifications which do not constitute departures from the true spirit and scope of this invention.

[0149] Although the application describes embodiments having specific structural features and/or
methodological acts, it is to be understood that the claims are not necessarily limited to the specific features or
acts described. Rather, the specific features and acts are merely illustrative some embodiments that fall within

the scope of the claims.
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CLAIMS
WHAT IS CLAIMED IS:

1. A method comprising:

receiving first data representing a user query to identify patent documents that are relevant to an identified
technology;

identifying a first subcategory associated with the identified technology;

generating a first predictive model configured to identify the patent documents that are relevant to the
first subcategory;

identifying a second subcategory associated with the identified technology;

generating a second predictive model configured to identify the patent documents that are relevant to the
second subcategory;

providing, as first input to the first predictive model, second data representing sample patent documents;

generating, as first output from the first predictive model, third data identifying a first subset of the sample
patent documents determined by the first predictive model to be in class;

providing, as second input to the second predictive model, the second data representing the sample patent
documents;

generating, as second output from the second predictive model, fourth data identifying a second subset of
the sample patent documents determined by the second predictive model to be in class;

determining a third subset of the sample patent documents that are in the first subset and the second
subset; and

causing a device associated with the user query to display at least identifiers of the third subset of the

sample patent documents as relevant to the identified technology.

2. The method of claim 1, further comprising:

identifying a third subcategory associated with the identified technology;

generating a third predictive model configured to identify the patent documents that are relevant to the
third subcategory;

generating, as output from the third predictive model, fifth data identifying a fourth subset of the sample
patent documents determined by the third predictive model to be in class; and

wherein the third subset includes the sample patent documents that:

are in the first subset, the second subset, and the fourth subset; or

are in at least two of the first subset, the second subset, and the fourth subset.
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3. The method of claim 1, further comprising:

determining a first confidence threshold to apply to the first predictive model, the first confidence
threshold indicating a first degree of confidence for predicting a given patent document as in class;

determining a second confidence threshold to apply to the second predictive model, the second confidence
threshold indicating a second degree of confidence for predicting the given patent document as in class, wherein
the first confidence threshold differs from the second confidence threshold; and

wherein:

generating the third data is based at least in part on the first confidence threshold; and

generating the fourth data is based at least in part on the second confidence threshold.

4, The method of claim 1, further comprising:

determining a claim breadth value indicating a claim breadth of claims of the individual ones of the
sample patent documents in the third subset;

determining a fourth subset of the sample patent documents that are in the third subset and have a claim
breadth value that satisfies a threshold claim breadth value; and

causing the device to prioritize display of identifiers for the fourth subset of the sample patent documents.

5. A system, comprising:
one or more processors; and
non-transitory computer-readable media storing computer-executable instructions that, when executed by
the one or more processors, cause the one or more processors to perform operations comprising:
generating a first predictive model configured to identify documents that are relevant to a first
subcategory associated with an identified technology;
generating a second predictive model configured to identify the documents that are relevant to a
second subcategory associated with the identified technology;
generating, utilizing the first predictive model, first data identifying a first subset of sample
documents determined to be in class;
generating, utilizing the second predictive model, second data identifying a second subset of the
sample documents determined to be in class; and
generating third data indicating a third subset of the sample documents that are in the first subset

and the second subset.

6. The system of claim 3, the operations further comprising:
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generating a third predictive model configured to identify the documents that are relevant to a third
subcategory associated with the identified technology;

generating, utilizing the third predictive model, fourth data identifying a fourth subset of the sample
documents determined to be in class; and

wherein the third subset includes the sample documents that are in the first subset, the second subset, and

the fourth subset.

7. The system of claim 3, the operations further comprising:
determining a first confidence threshold to apply to the first predictive model;
determining a second confidence threshold to apply to the second predictive model, the first confidence
threshold differing from the second confidence threshold; and
wherein:
generating the first data is based at least in part on the first confidence threshold; and

generating the second data is based at least in part on the second confidence threshold.

8. The system of claim 5, the operations further comprising;:

determining, for individual ones of the sample documents, a claim score for claims of the individual ones
of the sample documents; and

determining a fourth subset of the sample documents that are in the third subset and have a claim score

that satisfies a threshold claim score.

9. The system of claim 5, wherein the first predictive model is associated with a first confidence threshold
indicating a first degree of confidence for predicting a given patent document as in class, and the operations
further comprise:

generating a user interface configured to display keywords from documents predicted as in class by the
first predictive model utilizing the first confidence threshold;

receiving user input data indicating a second confidence threshold to apply to the first predictive model,
the user input data in response to the keywords as displayed via the user interface; and

applying the second confidence threshold to the first predictive model instead of the first confidence
threshold.

10. The system of claim 3, the operations further comprising:

generating first vectors representing the documents associated with the third subset in a coordinate

system;
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determining an area of the coordinate system associated with the first vectors; and
identifying additional documents represented by second vectors in the coordinate system that are within

the arca.

11. The system of claim 5, the operations further comprising:
generating a third predictive model configured to identify the documents that are relevant to a third
subcategory associated with the identified technology;
generating, utilizing the third predictive model, fourth data identifying a fourth subset of the sample
documents determined to be in class; and
wherein the third subset includes the sample documents that are in at least one of:
the first subset and the second subset;
the second subset and the fourth subset; or

the first subset and the fourth subset.

12. The system of claim 5, the operations further comprising;:

storing a model hierarchy of predictive models including the first predictive model and the second
predictive model, the model hierarchy indicating relationships between the predictive models;

generating an indicator that in-class prediction of documents for the identified technology is performed
utilizing the first predictive model and the second predictive model;

receiving a search query for a model to utilize from the model hierarchy;

determining that the search query corresponds to the identified technology; and

providing response data to the search query representing the indicator instead of the first predictive model

and the second predictive model.

13. A method, comprising:
generating a first predictive model configured to identify documents that are relevant to a first

subcategory associated with an identified technology;

generating a second predictive model configured to identify the documents that are relevant to a second
subcategory associated with the identified technology;

generating, utilizing the first predictive model, first data identifying a first subset of sample documents
determined to be in class;

generating, utilizing the second predictive model, second data identifying a second subset of the sample

documents determined to be in class; and
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generating third data indicating a third subset of the sample documents that are in the first subset and the

second subset.

14. The method of claim 13, further comprising:

generating a third predictive model configured to identify the documents that are relevant to a third
subcategory associated with the identified technology;

generating, utilizing the third predictive model, fourth data identifying a fourth subset of the sample
documents determined to be in class; and

wherein the third subset includes the sample documents that are in the first subset, the second subset, and

the fourth subset.

15. The method of claim 13, further comprising:
determining a first confidence threshold to apply to the first predictive model;
determining a second confidence threshold to apply to the second predictive model, the first confidence
threshold differing from the second confidence threshold; and
wherein:
generating the first data is based at least in part on the first confidence threshold; and

generating the second data is based at least in part on the second confidence threshold.
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