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Abstract

In this article we present a system that ex-
tracts information from pathology reports.
The reports are written in Norwegian and
contain free text describing prostate biop-
sies. Currently, these reports are manually
coded for research and statistical purposes
by trained experts at the Cancer Registry
of Norway where the coders extract val-
ues for a set of predefined fields that are
specific for prostate cancer. The presented
system is rule based and achieves an aver-
age F-score of 0.91 for the fields Gleason
grade, Gleason score, the number of biop-
sies that contain tumor tissue, and the ori-
entation of the biopsies. The system also
identifies reports that contain ambiguity or
other content that should be reviewed by
an expert. The system shows potential
to encode the reports considerably faster,
with less resources, and similar high qual-
ity to the manual encoding.

1 Introduction

A cancer diagnosis is often based on an exami-
nation of a biopsy, a small tissue sample taken
from a patient with a suspected cancer disease.
These samples are visually examined by a pathol-
ogist, using a microscope. To document the exam-
ination, the pathologist writes a report describing
findings and a diagnosis.

Pathology reports are primarily a tool used for
communicating findings done by the pathologist to
the physician treating the patient, but if the find-
ings in the reports are encoded and registered in a
systematic way, they can also be used for research
purposes.

In Norway, all pathology reports concerning
cancer diseases are reported to The Cancer Reg-

istry of Norway. The contents of each report is
read and encoded by a trained coder. This is an
area where an efficient information extraction sys-
tem could prove very useful, since about 180,000
reports are sent yearly to the registry where they
are coded by 25 full time coders. The coding of a
single report takes between two and ten minutes.
(Observe that Norway has a population of 5.2 mil-
lion inhabitants).

In this study we have focused on pathology re-
ports written in Norwegian describing results from
prostate biopsies. The goal of the system pre-
sented in this paper is to accurately extract infor-
mation from the unstructured textual content of
pathology reports, so that the extracted informa-
tion can be stored in a structured data format suit-
able for a cancer registry.

2 Previous Research

A number of studies have applied information ex-
traction techniques to pathology reports for several
types of cancer, including breast cancer, colorectal
cancer, lung cancer, and prostate cancer. Scharber
(2007) provides an overview of various available
tools.

Most of the work in this field has been done
for English text, and both rule based and machine
learning methods as well as combinations thereof
have been applied. For a review of the research
area, see Spasić et al. (2014).

Coden et al. (2009) extracted information from
pathology reports for colon cancer. A combination
of rules and machine learning were used to extract
nine different classes from the reports.

Ou and Patrick (2014) extracted 28 different
concepts from pathology reports for primary cu-
taneous melanoma (skin cancer).

Martinez and Li (2011) classified colorectal
cancer according to the TNM (Tumor, Node and
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Metastases) scale using Naïve-Bayes and Support
Vector Machines.

Nguyen et al. (2011) applied rule based meth-
ods to pathology reports for lung cancer.

The mentioned studies present results in the
terms of F-score ranging from 0.7 to 0.9.

Currie et al. (2006) used rules to extract con-
cepts in 5,826 breast cancer and 2,838 prostate
cancer pathology reports. The extracted around 80
fields and obtained 90-95 percent accuracy. The
evaluation was carried out by domain experts.

Two studies have applied rule based methods to
Norwegian pathology reports. Dahl et al. (2016)
extracted values for nine concepts from 25 pathol-
ogy reports describing prostate biopsies. They ob-
tained F-scores ranging from 0.24 to 0.94. Weegar
and Dalianis (2015) extracted values for ten con-
cepts related to breast cancer with an F-score rang-
ing from 0.67 to 1.0 using 40 reports. Both studies
were done on small data sets, but the results show
that rule based methods are a promising approach
for information extraction from pathology reports
written in Norwegian.

3 Materials

Each document in the data set consists of the re-
port written by the pathologist and the correspond-
ing manual encoding of the report. There are
no additional annotations of the reports, meaning
that the documents contain no information about
which parts of the text that an encoded value is
based on. The full text of each report is therefore
used as input for each encoded value. The reports
do not contain names or other identifiers and have
been securely stored and remotely accessed to en-
sure privacy protection.

The data was divided into a development set
containing 70 percent of the documents and a test
set with the remaining 30 percent. After removing
duplicate files, there were 388 documents in the
development set and 176 in the test set.

The reports in the development set contain 276
tokens on average, and each report describes be-
tween one and 21 biopsies, the average number
of biopsies per report is 8.25. An example of a
pathology report can be seen in Figure 1.

A specific set of fields is associated with and en-
coded for each type of cancer. For prostate cancer
biopsies, 9 fields are extracted and each of them is
encoded as an integer value. The fields are:

• Primary Gleason grade, a numerical value

Biopsier fra venstre prostatalapp.
2: Prostatakarsinom, Gleason
score 3+4=7(utbredelse 4/13 mm)
4: Prostatakarsinom, Gleason
score 3+3=6(utbredelse 0,5/12 mm)
1,3:Ikke påvist malignitet

Biopsier fra høyre prostatalapp:
5-7,9: HPIN og adenokarsinom, Gleason
score 3+3=6(utbredelse 1/13 mm)
8: Prostatakarsinom, Gleason
score 3+4=7(utbredelse 5/15,4/15 mm)

Perinevral infiltrasjon: ikke påvist
Infiltrasjon i fettvev: ikke påvist

Figure 1: A pseudonymized example of text from
a pathology report describing prostate biopsies.
The text contains descriptions of 9 biopsies, four
from the left side and five from the right side.

ranging from 1 to 5.

• Secondary Gleason grade, a numerical value
ranging from 1 to 5.

• Gleason score, the sum of the primary and
secondary Gleason grade.

• The number of biopsies.

• The number of malign biopsies.

• The number of biopsies with orientation
right/left.

• The number of malign biopsies with orienta-
tion right/left.

A biopsy is malign if it contains cancerous cells
and the Gleason grades and score are a type of
cancer staging specific to prostate cancer. Gleason
score is calculated as primary grade + secondary
grade = score, for example:

Gleason score 4+3=7

gives that primary grade is 4, secondary grade is 3
and that Gleason score is 7. Primary here means
the dominant grade seen in the biopsy. Different
grades and score can be observed in different biop-
sies, and this means that there can be several dif-
ferent values for Gleason grades and score given in
the same report. Of these values, the most promi-
nent is selected and encoded.

The biopsies are typically indexed by numbers
or letters and grouped together if they have the
same characteristics. For example, the sentence

A-E, G: Biopsies from left side,
benign samples
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gleason L prostatacarcinom L adenocarcinom L venstre L høyre L
1 gleaoson 1 prostatakarsinom 2 adenokarsinom 1 vesntre 2 høye 1
2 glelason 1 prostatakarinom 3 adenocarcnom 1 vekst 3 h?yre 1
3 glerason 1 prostatakarsionom 4 adenokarsinom 2 minste 3 hlyre 1
4 gleaosn 2 protatakarsinom 4 adneocarcinom 2 høystre 3 høre 1
5 gelason 2 medprostatakarsinom 5 denokarsinom 3 lengste 3 høyt 2
6 glass 3 prostatatakarsinom 6 adenokarsinomet 4 meste 3 nøye 2
7 glasa 3 prostatabiopiser 7 carcinom 5 tettere 4 høystre 2
8 glas 3 prostatakjertler 8 karsinom 7 hentet 4 sørre 2
9 glemt 4 adernocarcinom 8 derimot 8 beskr 4 høy 2
10 reaksjon 4 prostatasylindre 8 prostatacarcinom 8 nesten 4 score 3

Table 1: Spelling variants of key concepts Gleason, Prostate carcinoma, Adenocarcinoma, Left (venstre),
and Right (høyre) identified by and ranked using Levenshtein distance (L) . Relevant variants are in
boldface.

describes six biopsies (as indicated by the indices
A-E, G) without tumor tissue with left orientation,
and the sentence

3: Biopsy with prostate carcinoma,
Gleason grade 3+3=6

indicates one biopsy with tumor tissue and a Glea-
son score of six.

4 Methods

4.1 Value Extraction
A rule based solution has been implemented since
the texts in reports are relatively structured. Using
rules also has the benefit of transparency, the user
always knows why a specific value was given by
the system.

The rules included in the system were manu-
ally written using regular expressions and string
matching and the system is implemented in Java.
Firstly, the system reads the texts and the corre-
sponding encoding from the documents. The text
is preprocessed and the extraction rules are ap-
plied. The results of the extractions are evaluated
and finally encoded.

The nine fields that are encoded for the current
task can be divided into two groups, Gleason fields
and Biopsy fields. The values of the fields in each
group are highly dependent on each other and a set
of rules have been written for each of the groups.

The Gleason grades and score are in most cases
extracted together, as they are typically written as
primary grade + secondary grad = score, with
a number of minor variations. The exception is
when only one or a few biopsies are reported, in
those cases there is a larger variation in the reports,
which requires additional rules.

For the biopsy group, six values are extracted,
and the correct extraction of each value is neces-
sary to get correct values for the subsequent fields.
As a first step, each biopsy in the reports needs
to be correctly identified to get the correct value
for the field Number of biopsies. Then each iden-
tified biopsy is classified as benign or malignant
and as having either the orientation left or right.
The performance of the the extraction of the num-
ber biopsies that are malignant and the orientation
each biopsy is limited by the performance of the
first step.

4.2 Spelling Variations of Key Concepts

We identified a set of key concepts that are central
to the encoding process, these concepts are Glea-
son, Prostate carcinoma, Adenocarcinoma, Left
and Right. The texts contain a number of spelling
variants of the key concepts and it is essential to
correctly identify each of them, both standard vari-
ants, such as the two spellings of prostate car-
cinoma: prostatakarsinom and prostatacarcinom,
and misspellings, in order to correctly encode the
reports. Using the concept representation reduces
the number of rules needed, since individual rules
are not needed for each spelling variation.

The alternative spellings of the key concepts
were found using Levenshtein distance (Leven-
shtein, 1966). The Levenshtein distance can be
used as a measurement for how similar two strings
are, and the distance is calculated by counting the
number of substitutions, deletions, and insertions
of characters that are required to make two strings
equal.

To find the variations, the texts in the reports
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Free text Flagged values

Preprocessing Value extraction Flagging of values

Gleason values

Preprocessing Value extraction Flagging of values

Biopsy values

Figure 2: The contents of each report is processed separately for the two groups of fields, Gleason and
Biopsy. After the values are extracted any inconsistencies in the values are flagged for manual review.

were tokenized and the Levenshtein distances be-
tween the tokens and the concept strings was cal-
culated. Strings that are highly similar receive a
low score, and the ten lowest scoring tokens for
each concept are shown in Table 1. The relevant
variants were manually selected from lowest scor-
ing tokens and these tokens were included in the
set of key concepts. For the concepts Left and
Right, a number of abbreviations were also in-
cluded.

4.3 Identifying Reports for Manual Review

The texts in the reports are relatively structured,
but there are exceptions where the system might
fail to extract the correct values. It would there-
fore be beneficial if the system itself could iden-
tify the reports that it is incapable of handling cor-
rectly. This would increase the precision of the
system and allow the difficult cases to be manu-
ally reviewed.

To achieve this, a module was added that eval-
uates the extracted values. If inconsistencies are
found, the values are flagged for review, see Figure
2. In total, three indicators for flagging were iden-
tified, and for the Gleason group, there is one such
flag; a report gets marked for manual review if the
concept Gleason is mentioned, but none of the ex-
traction rules matches the contents of the text.

For the Biopsy group, the main source of error
is that many of the reports lack information on the
orientation of biopsies in the text. This informa-
tion is instead often located in a sketch accompa-
nying the reports. Since the current system is not
able to process these images, the first mechanism
is to flag any report that mentions neither the con-
cept left nor the concept right.

The system contains a set of heuristic rules for
inferring the orientation of the biopsies when the

orientation is not explicitly stated for each biopsy.
For example, if a report only mentions the concept
Left, all biopsies in that report are considered as
having the orientation left. These heuristics im-
prove performance when applied to all files, but
in some cases they also introduce errors. These er-
rors are partly due to the fact that the orientation of
the malign biopsies is more often mentioned than
the orientation of the benign biopsies.

The second mechanism for the Biopsy group
therefore flags the files where the sum of the biop-
sies identified as having orientation left or right
does not match the total number of biopsies identi-
fied, or when the total sum of malign biopsies does
not match the sum of malign biopsies identified as
left or right.

5 Results

The system has been evaluated against the test set
containing 176 reports, using precision, recall and
F-score. The results for are presented in Table 2.

Field P R F
Gleason grade 1 1.0 0.98 0.99
Gleason grad 2 1.0 0.99 0.99
Gleason score 1.0 0.99 0.99
Number of biopsies 0.96 0.98 0.97
Biopsies w. tumor tissue 0.92 1.0 0.96
Biopsies, right 0.69 1.0 0.82
Biopsies, left 0.69 1.0 0.82
With tumor tissue, right 0.68 1.0 0.81
With tumor tissue, left 0.69 1.0 0.82

Table 2: Precision (P), recall (R) and F-score (F)
for the nine extracted fields.

The next step was then to separate out the re-
ports which the system determines should be man-
ually reviewed. This procedure was applied at
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group level, first to the Gleason group and next to
the Biopsy Group.

The system identified and flagged three reports
in the test set for which the values in the Glea-
son group should be manually reviewed. When
excluding these reports (< 2 percent of the test set),
the performance was improved, see Table 3.

Field P R F
Gleason grade 1 1.0 1.0 1.0
Gleason grad 2 1.0 1.0 1.0
Gleason score 1.0 1.0 1.0

Table 3: Precision (P), recall (R) and F-score (F)
when excluding the three reports that the system
flagged for manual review

The same process was applied to the Biopsy
group. The first method for discovering challeng-
ing reports was to exclude all reports not men-
tioning the orientation of the biopsies. This step
marked and excluded 67 reports in the test set (43
percent), and the results for remaining reports are
shown in Table 4.

Field P R F
Number of biopsies 0.98 0.99 0.99
Biopsies w. tumor tissue 0.95 1.0 0.97
Biopsies, right 0.89 1.0 0.94
Biopsies, left 0.9 1.0 0.95
With tumor tissue, right 0.90 1.0 0.95
With tumor tissue, left 0.91 1.0 0.95

Table 4: Precision (P), recall (R) and F-score (F)
for the extracted fields in the Biopsy group, when
only including the 110 reports mentioning the con-
cepts right or left.

The second flagging mechanism for the Biopsy
group marks 25 additional reports, meaning that
the system is confident in correctly determining
the values for all the fields in the Biopsy group
for 48 percent of the reports in the test data. This
step also improves the precision of the system, as
shown in Table 5.

6 Error Analysis

The errors produced by the system are either due
to the system not being able to handle previously
unseen text structure or text content, or due to the
data lacking information or containing noise. Lack
of information is mostly regarding orientation, and

Field P R F
Number of biopsies 0.99 0.99 0.99
Biopsies w. tumor tissue 0.97 1.0 0.98
Biopsies, right 0.95 1.0 0.98
Biopsies, left 0.97 1.0 0.98
With tumor tissue, right 0.97 1.0 0.98
With tumor tissue, left 0.95 1.0 0.98

Table 5: Precision (P), recall (R) and F-score (F)
for the extracted fields in the Biopsy group, when
only including the 85 reports mentioning the con-
cepts right or left and reports where the sum of the
fields left and right is equal to the total number of
biopsies found

noise can for example be typos, such as when two
different biopsies are indexed with the same num-
ber.

System errors can be corrected by updating the
rule set, and errors due to noise or lack of infor-
mation is most often caught by the flagging mech-
anisms

The data also contains a small number of cases
where there is a mistake in the encoding.

A manual error analysis has been performed on
the reports that are not marked by any flagging
mechanism but still contain errors. There are no
such reports for the Gleason group and eight re-
ports for the Biopsy group.

Two of the reports contain one biopsy each that
is erroneously classified as malign by the system.
The system fails on correctly identifying the ori-
entation of biopsies for two reports (one because
of an unusual file structure and one because of
some of the biopsies actually having the orienta-
tion "center"). Three reports contain an error in
the encoding and one report is correctly encoded
by the system based on the actual contents of the
text, but where there likely is a typo in the text
corrected during the manual encoding.

7 Conclusions and Future Work

We have demonstrated the possibility of automat-
ically extracting and encoding information from
free text pathology reports with a high level of ac-
curacy. The developed system is not designed to
be implemented as fully automatic, but to reduce
the amount of manual work currently needed for
the encoding of the reports. The results in this
study in terms of precision and recall were high
for a majority of the extracted fields, and will en-
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able the Cancer Registry to encode the reports con-
siderably faster, with less resources. A vital part
of the system is marking the cases which should
be manually reviewed, and notifying the coding
experts to be extra vigilant in the coding of the
flagged reports. Thus, contributing to a more con-
sistent encoding and further improving the quality
of the data.

The results in term of precision, recall and F-
score are similar to the ones described in the stud-
ies in Section 2, but though the studies all share
the domain of free text pathology reports, the ac-
tual task depends on the cancer type, the number
of extracted fields, availability of annotations, and
language, making a fair comparison difficult. The
study by Dahl et al. (2016) was developed for a
similar, but much smaller, data set and achieved an
average F-score of 0.73 for the nine fields, whereas
the current system has a significantly higher per-
formance with an average F-score of 0.91.

The fields concerning orientation of the biopsies
are the most challenging for the system, and the
encoding produced by the system for these fields
are somewhat difficult to evaluate. This is largely
due to the fact that the values of these fields often
are based on sketches not available to the system.
Excluding the reports flagged by the system as not
containing the concepts Left and Right improves
the results for the orientation fields, but also re-
duces the number of reports that the system is able
to handle automatically. A high precision is pri-
oritised over a high recall in this case since it is
necessary to produce data of a high enough qual-
ity for the registry.

This study focuses only on prostate cancer, but
each cancer type that is encoded by the registry
is associated with a specific set of fields. Future
work therefore includes to extend the system to
other cancer types as well as to investigate meth-
ods for automatic rule creation.
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