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Start  with Why

3

Linear Law of Patent Analysis 

• Create a toolkit of analysis tools
• Understand the business need and the need 

behind the need
• The need drives the question
• The question drives the data
• The data drives the tool

https://patinformatics.com/the-linear-law-of-patent-analysis-revisited/
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Unleashing the strategic value of patents

“Cipher provides the data that we need, almost magically, 
using a lens that aligns with our company’s view of the world.”

Head of Patent Development

Cipher enables patent owners to make rational decisions by providing 
strategic patent intelligence, powered by machine learning



Strategic Patent Intell igence is  different
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Saves time 
& money

Conventional Boolean search 
requires time consuming 

manual cleaning. Cipher can 
read 61 million in an hour

Automated patent to 
technology mapping

Patent classification system 
(CPC codes) cannot be used to 

map patents to company 
taxonomies

Objective, 
repeatable results

Automation provides analytics 
on demand, and achieves 

consistency

Strategic 
insights

Cipher delivers evidence for 
strategic decision-making in 

response to increasing pressure 
to communicate patent strategy



The importance of  patent strategy
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Why do you benchmark your patent portfolio?“It’s critical to have benchmarking data
because you don’t want to operate in a 

vacuum.”

Andreas Iwerback
Head of Technology & IP Intelligence, Husqvarna

“Benchmarking supports the 
communication of our approach, our 
strategy and why we are building the 

portfolio in the way that we are.”

Gilbert Wong
Associate General Counsel for Patents, Facebook

Corporate benchmarking is critical for patent strategy, competitive 
intelligence, budget management and pruning

Refer to Dispelling the Benchmarking Myth
How Machine Learning  increases efficiency and reduces cost, March 2021



Technology level  analysis
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There is a  need for a granular and consistent approach

What granularity do you benchmark?

“Benchmarking at the technology level is the 
only way to compare ‘apples with apples’ 

and to spot meaningful trends.”

IP expert at a major European 
Semiconductor company



Current data challenges
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The size of the data challenge is not to be underestimated

Time and money are challenges - new 
approaches required.

Data reliability and consistency are a 
significant challenge for many.

88% of companies are benchmarking at 
least once per year - structured data and 

process is needed.

What are your challenges?How often do you benchmark?



The qubit  generation test
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Construction and evaluation of gold standards for patent classification

Steve Harris1, Anthony Trippe1, David Challis1, Nigel Swycher1

ainfo@cipher.ai, Aistemos Ltd, 39-41 Charing Cross Road, WC2H 0AR, London, UK
binfo@patinformatics.com, Patinformatics LLC, 565 Metro Place S. Suite 3033, Dublin, OH 43017, USA

Abstract

This article discusses options for evaluation of patent and/or patent family classification algorithms by means of “gold standards”.
It covers the creation criteria, and desirable attributes of evaluation mechanisms, then proposes an example gold standard, and
discusses the results of applying the evaluation mechanism against the proposed gold standard and an existing commercial imple-
mentation.

Keywords: Patent Classification, Evaluation, Artificial Intelligence, Information Retrieval, Deep Learning, Gold Standard

1. Introduction

There are a number of problems in the strategic patent de-
cision making and portfolio management domain where artifi-
cial intelligence techniques can be applied. One of the more
common is that of mapping patent assets to technologies, for
example to perform patent landscaping, or for reporting on the
contents of your own, or competitor portfolios. This is also
one of the hardest tasks to perform mechanically, and has been
identified as a source of friction in strategic patent decision
making[1].

Conventional “mandrolic”, or semi-automated solutions typ-
ically revolve around performing a boolean search over the as-
sets to discover a superset of the assets to be identified, then
manually reviewing returned results to determine if each indi-
vidual asset falls into the desired class.

There are a number of compromises involved in this ap-
proach – predominantly related to the time taken to perform
a thorough review of the technology domain, or the cost of out-
sourcing this work to external experts.

In addition there is also the issue of inconsistency of results
from month to month, as the output of manual review by di↵er-
ent individuals can be highly variable. In a study conducted
by Elextrolux[2] across 29 outsourced patent search service
providers it was found that there was a high degree of variability
in the results. The requested search was “LED lighting of han-
dle for refrigerator”, which was believed to be precise enough
to make interpretation of scope a minor factor. In total, across
the 29 providers there were 194 distinct patent families identi-
fied, of which 114 were deemed to be relevant to the scope of
the query by independent review. Within the relevant families
19 were identified as being highly relevant, and the number of
those identified by a single provider varied from one to twelve,
with a median of 4 and a mean of 5.2.

Because of these factors, automation of this process would
be advantageous to the industry, resulting in more consistent re-
porting, and freeing up subject matter experts to work on higher
value projects. However, measuring the accuracy of AI algo-

rithms in a neutral way is extremely di�cult, even for experts
in the field, which makes it very di�cult to answer questions
such as “which operations are viable to automate?”, and “how
does the accuracy of AI algorithms compare to manual work?”.

This article proposes an approach for generating gold stan-
dards for machine classification of patents, and presents one
such example. It then describes a methodology to test against
that gold standard, and presents the results of evaluation of a
commercially available system against it.

In the following text, we use the binary classification conven-
tion of denoting the data labelled as positive (examples of in-
scope patents) with T�, and those labelled as negative (counter-
examples) with T , where T denotes the training set, G the gold
standard as a whole, and so on.

We will also describe the processes in set notation for brevity,
though restrict the use to just [ (union), \ (intersection), \ (set
di↵erence), and |X| (set cardinality).

2. Prior work

2.1. Existing gold standards
There exist a number of gold standards and more general test

datasets for evaluation of machine classification, such as those
published in the OpenML1 online database of labelled machine
learning test data. These datasets cover a wide range of top-
ics, but are largely numeric in content, and do not include rich
patent data labelled with the technologies which they cover.

There also exists a series of gold standard datasets in the
patent domain, CLEF-IP2, however they are optimised for eval-
uation of other classes of algorithm, chiefly prior art.

2.2. Using class codes for evaluation
There have been attempts to use the examiner class code in-

formation in CLEF-IP, or wider patent datasets to evaluate clas-
sification algorithms[3][4], and while the class code labels are

1https://www.openml.org/
2http://ifs.tuwien.ac.at/~clef-ip/

Preprint submitted to World Patent Information July 1, 2019



Predicted positives

Identified by
classifier (96)

Predicted negatives

Not identified by
classifier (204)

True Positives
False Postive

93
3

True Negatives
False Negatives

200
4

Precision

“Of the results found, what
proportion are positive”

Recall

“Of all the positives out there,
what proportion were found”

TP
TP + FP = 0.969

= 0.959TP
TP + FN 

Measuring accuracy – returned results
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Predicted Positives
Identified by 
classifier (96)

Predicted Negatives
Not Identified by 

classifier (204)

93 true positives
3 false positives

200 true negatives
4 false negatives

“Of the results found, what 
proportion are positive” 

Precision

TP

TP + FP
= 0.969

“Of all the positives out there, 
what proportion were found”

Recall

TP

TP + FN
= 0.959

Can be 
combined to 
one number 
F1 = 0.964



Some common misunderstandings
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“Building test sets is easy” “Testing is hard” “This classifier has 0.9 precision”

Classifiers do not “have” a precision and 
recall.

Precision and recall only mean anything 
with reference to a labelled test set.

You can’t use any old data as a test set – it 
has to be very carefully checked, and 

representative. 

Even tiny errors make the results 
meaningless.

If you want to know how well a classifier 
does for your use case, just test it how you 

would use it for real.

No synthetic test will ever be as useful.



Inference

Training

Training and using a classif ier
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Training 
set

Patent feature 
extractor

Algorithms

Patent feature 
extractor

Training

Data

Training UI

Questions

Patent data

Scope

Domain 
knowledge

In use

Evaluate results

End-user
UI

Trained 
classifiers



Inference

Training

What can you measure?
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Training 
set

Patent feature 
extractor

Algorithms

Patent feature 
extractor

Training

Data

Training UI

Questions

Patent data

Scope

Domain 
knowledge

In use

Evaluate results

End-user
UI

Trained 
classifiers

This part 90% human
process, not quantifiable

This part tested
algorithmically



Results  – precision and recall
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False discovery and omission rates
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What does training involve?
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• Custom user interface for quickly training and 
evaluating classifiers.

• Allows you to upload known examples.

• Run evaluations and correct errors.

• See related patents that would be helpful for 
training.

• Train and cross-validate classifiers.



What data does the training process use?
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Data that’s used

Title and abstract – general background information

Claims – obvious why, uses a different embedding to 
title and abstract

Citations – information about topics that related to the 
patent

CPC class codes – component technologies, but it’s 
less useful that you might think (see paper)

Data that’s explicitly not used

Owner – we want to avoid any biases for/against 
specific companies

Inventor names – inventors correlate to companies

Non-English text – we machine translate to English 
where necessary



19

Cyclical  training process

Training 
setSeed data

Trainer

Classifier
Test Data

(Randomised, 
searches, lists of 
companies etc.)

Update

Evaluate

Positive & negative 
results with scores

ReviewInference

Suggestions

Analysis

Update training set
Train classifier
Evaluate results

Repeat until you’re 
happy with the results



Custom taxonomies and automated classif ication
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Taxonomy design and scope are all activities  
exclusively within the human domain.



Demo |  classif ication without l imits
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1. Global Landscapes 2. Selection of technologies against specific companies

https://app.cipher.ai/report/1870e7083c/g/U3oWO/d/cIjAE https://app.cipher.ai/report/81a8b3128b/g/selected/d/P11hY




