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Abstract

Background: The unstructured nature of medical data from Real-World (RW) patients and the scarce accessibility for
researchers to integrated systems restrain the use of RW information for clinical and translational research purposes. Natural
Language Processing (NLP) might help in transposing unstructured reports in electronic health records (EHR), thus prompting
their standardization and sharing.

Objective: We aimed at designing a tool to capture pathological features directly from hemo-lymphopathology reports and
automatically record them into electronic case report forms (eCRFs).

Methods: We exploited Optical Character Recognition and NLP techniques to develop a web application, named ARGO
(Automatic Record Generator for Oncology), that recognizes unstructured information from diagnostic paper-based reports of
diffuse large B-cell lymphomas (DLBCL), follicular lymphomas (FL), and mantle cell lymphomas (MCL). ARGO was
programmed to match data with standard diagnostic criteria of the National Institute of Health, automatically assign diagnosis
and, via Application Programming Interface, populate specific eCRFs on the REDCap platform, according to the College of
American Pathologists templates. A selection of 239 reports (n. 106 DLBCL, n.79 FL, and n. 54 MCL) from the Pathology Unit
at the IRCCS - Istituto Tumori “Giovanni Paolo II” of Bari (Italy) was used to assess ARGO performance in terms of accuracy,
precision, recall and F1-score.

Results: By applying our workflow, we successfully converted 233 paper-based reports into corresponding eCRFs incorporating
structured information about diagnosis, tissue of origin and anatomical site of the sample, major molecular markers and cell-of-
origin subtype. Overall, ARGO showed high performance (nearly 90% of accuracy, precision, recall and F1-score) in capturing
identification report number, biopsy date, specimen type, diagnosis, and additional molecular features.

Conclusions: We developed and validated an easy-to-use tool that converts RW paper-based diagnostic reports of major
lymphoma subtypes into structured eCRFs. ARGO is cheap, feasible, and easily transferable into the daily practice to generate
REDCap-based EHR for clinical and translational research purposes.
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Abstract

Background. The unstructured nature of medical data from Real-World (RW) patients and the scarce
accessibility for researchers to integrated systems restrain the use of RW information for clinical and
translational  research  purposes.  Natural  Language  Processing  (NLP)  might  help  in  transposing
unstructured reports in electronic health records (EHR), thus prompting their  standardization and
sharing.  Objective.  We aimed at  designing a  tool  to  capture pathological  features  directly  from
hemo-lymphopathology  reports  and  automatically  record  them into  electronic  case  report  forms
(eCRFs).  Method. We exploited Optical Character Recognition and NLP techniques to develop a
web  application,  named  ARGO  (Automatic  Record  Generator  for  Oncology),  that  recognizes
unstructured information from diagnostic  paper-based reports  of  diffuse large B-cell  lymphomas
(DLBCL), follicular lymphomas (FL), and mantle cell lymphomas (MCL). ARGO was programmed
to match data  with standard diagnostic  criteria of the National Institute of Health,  automatically
assign  diagnosis  and,  via  Application  Programming  Interface,  populate  specific  eCRFs  on  the
REDCap platform, according to the College of American Pathologists templates. A selection of 239
reports (n. 106 DLBCL, n.79 FL, and n. 54 MCL) from the Pathology Unit at the IRCCS - Istituto
Tumori  “Giovanni  Paolo II”  of  Bari  (Italy)  was used to  assess  ARGO performance in  terms  of
accuracy,  precision,  recall  and  F1-score.  Results.  By  applying  our  workflow,  we  successfully
converted 233 paper-based reports into corresponding eCRFs incorporating structured information
about diagnosis, tissue of origin and anatomical site of the sample, major molecular markers and
cell-of-origin subtype. Overall, ARGO showed high performance (nearly 90% of accuracy, precision,
recall and F1-score) in capturing identification report number, biopsy date, specimen type, diagnosis,
and additional molecular features. Conclusions. We developed and validated an easy-to-use tool that
converts RW paper-based diagnostic reports of major lymphoma subtypes into structured eCRFs.
ARGO is cheap, feasible, and easily transferable into the daily practice to generate REDCap-based
EHR for clinical and translational research purposes.
Keywords: real world data collection, natural language processing, optical character recognition,
electronic case report forms, redcap, pathology, clinical data.
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Introduction

Over the last few years, the complexity of clinical and biological data for a proper diagnosis and
prognostication  of  onco-hematological  diseases  remarkably  increased,  especially  in  the  field  of
lymphomas (1,2). In parallel,  novel therapeutics found continue approvals from large,  controlled
trials,  but missed parallel  validation in the Real-World (RW) setting (3). This major controversy
claims for an urgent improvement of the capability to collect and share RW data with the final goal
to support clinical and translational research (4). Frequently, RW data are derived from fragmented
sources  as  medical  registries,  electronic  records,  computerized  patient  order  entries,  individual
databases,  paper  notes,  as  well  as  monocentric  bio-banking-related  annotations.  Moreover,  the
common dearth of specialized data-entry professionals and the uneasy accessibility to data-extraction
systems for most physicians accentuate the need of tools that facilitate the process of health data
recording (3). 
Natural language processing (NLP) is an useful technique to extract essential unstructured data from
diagnostic  and  prognostic  notes  (6–10)  in  onco-hematology  (11–16),  as  well  as  REDCap  is
recognized as a platform of electronic case report forms (eCRFs) enabling rapid, high-quality and
standardized annotation of data (17,18). On the other hand, Optical Character Recognition (OCR) is
a technology able to convert paper-based reports into digital forms to be further structured – possibly
thorough  NLP techniques  –  in  electronic  health  records  (EHR),  thus  overcoming  the  need  of
integration between systems (19,20). 
Here, we described the design and functions of ARGO (Automatic Record Generator for Oncology),
a  web application  leveraging the  combination  of  an  “ad-hoc”  NLP-based tool  with  REDCap to
convert RW pathological reports in standardized eCRFs for automatic data collection.
We applied the framework onto a monocentric set of Non-Hodgkin Lymphomas (NHL) and validated
its functionality, performance, and feasibility in the daily practice.

Methods

Data collection

We  selected  239  histopathology  paper-based  reports  collected  between  2014  and  2020  at  the
Pathology Unit of the IRCCS - Istituto Tumori 'Giovanni Paolo II' in Bari (Italy). The reports were
conclusive for diagnoses  of  n.  106 Diffuse Large B-Cell  Lymphoma (DLBCL),  n.  79 Follicular
Lymphoma (FL), and n. 54 Mantle Cell Lymphoma (MCL), while for n. 19 reports the diagnosis was
field  cases.  A unique  identification  code  (ID)  was  assigned  to  each  report.  According  to  the
diagnostic criteria for each lymphoma subtype, reports included immunohistochemical (IHC) results
obtained from lymph-node (LN), extra-nodal (EN), bone marrow (BM) or peripheral blood (PB)
specimens. Qualitative and quantitative information for IHC markers including MYC, BCL2, BCL6,
Cluster  of  Differentiation  (CD)10,  CD20,  Cyclin-D1 were  reported.  Some reports  also  included
molecular data from fluorescent in situ hybridization (FISH) analysis, while some reports included
either  FISH  results  or  the  level  tumor  cell  infiltration  as  addendum.  For  DLBCL,  molecular
classification  according  to  the  cell-of-origin  (COO)  estimated  by  the  Hans  algorithm  was  also
included (21). Ki-67 proliferation index was also reported as quantitative value ranging from 5 to
100%.

Automated detection of relevant terms in paper-based reports

We aimed this phase of the workflow at developing a web application to automate the detection of
relevant terms to be extracted from the text fields of paper-based pathology reports. ARGO exploits
OCR (22) and NLP (23) techniques to i) convert images of reports into text and detect relevant words
in the text based on an “ad-hoc” thesaurus.
The conversion from image to text has been implemented in Tesseract OCR© version 4.1.1-rc2-20-
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g01fb. To improve conversion performance, each pathology report was firstly converted from pdf to
image through Poppler library,  version 0.26.5 called inside Python app thank pdf2image version
1.13.1. Then, the image is translated in a grey scale of 8 bits (from 0 to 255 levels of grey), according
to the formula (24):

dst (x , y )={maxval , ifsrc ( x , y )>thresh
0, otherwise

where thresh=120

Image transformation was developed in Python by OpenCV© software, v. 4.2.0.
In ARGO, NLP techniques  were adopted to  automatically  extract  terms relevant  for  the disease
diagnosis to be transferred into the digitalized eCRFs. In particular, a set of NLP regular expressions
was matched to the text in order to find information including diagnosis, date of the report, report ID,
type of the specimen, execution of BM biopsy, IHC, and FISH analyses, as well as quantitative and
qualitative data of selected IHC markers  (MYC, BCL2, BCL6, CD10, CD20, Cyclin-D1),  COO
subtypes and Ki-67 proliferation index. The disease nomenclature was assigned based on the highest
match between the pattern of detected biomarkers in each report and a reference pattern, as reported
in the “Hematopoietic and Lymphoid Neoplasm Coding Manual guidelines from the Surveillance,
Epidemiology, and End Result (SEER) program” of the National Institute of Health (25). The final
diagnosis nomenclature was referred to the “International Statistical Classification of disease and
related  health  problems 10th  revision”  (ICD10,  version  2019,  World  Health  Organization)  (26).
Communication between ARGO and SEER official servers was dealt via Application Programming
Interface (API).
ARGO was developed in Flask©, version 1.1.2, the webserver was an Oracle© Linux Server 7.8 with
kernel 4.14.35-1902.303.5.3.el7uek.x86_64. We used MariaDB© 5.5.68 as database. NLP algorithms
were developed in Python 3.6.8 with various regular expressions. Translation from English to Italian
language was dealt via API tool MyMemory©

, version 3.5.0. In order to increase the detectability of
biomarkers in the reports we used Python to build three thesauri (Multimedia Appendix 1 Source
code S1, Multimedia Appendix 1 Table S1).

Data-mapping and automatic population of eCRFs
For a systematic collection of the diagnostic variables in this study, we designed dedicated eCRFs on
REDcap (17,18). eCRFs were suited to the synoptic templates provided and approved by the College
of  American  Pathologists.  We referred  to  DLBCL,  FL,  and  MCL templates  (27,28).  The  data-
mapping between ARGO and the eCRFs was performed by providing the relevant data fields from
the REDCap dictionary to the NLP code (Multimedia appendix 1 Table S2). Finally, we used API
technology for  the automatic  data  entry  and final  upload of  the  information of  interest  into the
eCRFs.

Validation metrics
ARGO performance,  regarded as  the  level  of  consistency between data  included in the original
pathology reports and those automatically transferred into eCRFs, was assessed in terms of accuracy,
precision, recall and F1 score, as reported (29). To calculate each measure, we defined as i) true-
positive those cases in which ARGO detected correctly the expected variables; ii) false-positive those
cases in which ARGO detected variables even if not available; iii) true-negative those cases in which
ARGO did not detect an unavailable variable; and iv) false-negative those cases in which ARGO
failed in detecting an available variable.
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Results

Electronic data collection workflow

Based  on  the  template  currently  adopted  at  the  Pathology  Unit  of  the  IRCCS-Istituto  Tumori
“Giovanni  Paolo  II”,  each  histopathology  report  included  several  data  organized  in  four  main
sections: i) biopsy date and ID report number; ii) demographical patient information; iii) specimen
characteristics; and iv) biomarker and diagnosis description (Figure 1A). 
The first step of our workflow consisted in the advantageous transformation of each paper-based
report into an image file (.jpg extension) by using a common digital scanner. Thus, each report was
uploaded on the ARGO application, which saved structured text into a support database, retrieved all
the relevant data from the text, and transferred them directly into dedicated eCRFs. 233 out of 239
reports were successfully converted in eCRF records. Figure 1B depicts the main sections of each
eCRF, which included both “demographic” and “disease” modules,  in a way consistent with the
sections in the corresponding original paper report. Six failures were recorded for those reports either
built on alternative templates or longer more than 1 paper page or with low optical quality. A video
demonstrates the ARGO functionality in Multimedia Appendix 2.

Characteristics of data retrieved from diagnostic reports

Among the 239 paper-based reports collected for the study, n. 106, n. 79, and n. 54 were respectively
conclusive  for  a  diagnosis  of  DLBCL,  FL,  and  MCL (Figure  2A).  Overall,  n.  117  diagnostic
specimens were obtained from LN, n. 73 were EN, and n. 34 from BM, n. 2 from PB, and for n. 12
cases this  information was not available (Figure 2B).  In 85% of cases,  a matched bone marrow
biopsy was available (Figure 2C). Results from IHC staining for MYC, BCL2, BCL6, CD10, CD20,
and Cyclin-D1 were available in 229 out of 239 cases and included a qualitative (positive/negative)
assessment for the most  relevant  biomarkers (Figure 2D-E).  A FISH analysis  (for MYC, BCL2,
BCL6 or Cyclin-D1) appeared in the 30% of reports (Figure 2F), whereas COO categorization was
reported in nearly 20% of cases (Figure 2G). Of note, 187/239 reports included the quantitative value
of the Ki-67. Among these, 54 reported a value lower than 30% (Figure 2H).

Validation

Overall, ARGO detected 92,121 terms of interest and successfully generated EHR for the 97% of the
processed  histopathology  reports.  Figure  3(A-H)  shows  the  post-hoc  validation  of  ARGO
performance  for  all  the  studied  data  fields.  Concerning  the  “diagnosis”  field  (Figure  3A),  the
application reached 88.7% of accuracy, recall and F1-score, while achieving 100% of precision. For
the “biopsy date” (Figure 3B) and the “ID number” (of the report, Figure 3C) fields all the applied
metrics  were  >90%.  High  performance  was  obtained  for  the  “specimen  type”  field  (87.0%  of
accuracy and precision, 87.3% of F1-score and 98.5% of precision, Figure 3D). High performance
levels were achieved for “IHC execution” field (94.6% of accuracy, recall and F score, and 100% of
precision, Figure 3E), although focusing the analysis on single biomarker, accuracy, recall and F1-
score decreased, while retaining nearly 100% of precision (Supplementary Table S3). Similar results
were noticed also for data concerning “BM and FISH execution” (Figure 3F and Figure 3G). Finally,
the tool allowed the detection of Ki-67-related information with 82.6%, 99.4%, 78.9% and 80.7% of
accuracy, precision, recall and F1-score, respectively (Figure 3H). 
In order to demonstrate OCR limitation in detecting each single biomarker, we selected first fifty
reports  according  to  image  resolution  and  we  reassessed  validation  metrics  (Table  1).  Overall,
comparing performances with those assessed from all reports, recall and F1-score remarked by an
averaged improvement of 17.2% and 12.4%, respectively.
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Table 1. ARGO performance between all reports and the top 50 reportsa.

PRECISION (%) RECALL (%) F1 SCORE (%)

All
reports

Best
reports*

Diff
All
reports

Best
reports*

Diff
All
reports

Best
reports*

Diff

DATA-
FIELD

MYC 100.0 100.0 0 48.6 69.2 20.6 63.7 78.9 15.2

BCL2 98.5 100.0 1.5 69.6 84.8 15.2 72.5 87.3 14.8

BCL6 98.3 100.0 1.7 61.1 84.4 23.2 64.4 87.1 22.7

CD10 97.0 100.0 3.0 55.7 78.1 22.4 60.5 81.9 21.4

CD20 99.4 100.0 0.6 74.4 92.3 17.9 75.5 93.1 17.6

Cyclin D1 100.0 100.0 0 58.8 62.5 3.7 80.5 75.1 -5.4

Mean
(std)

1.4
(1.1)

Mean
(std)

17.2
(7.2)

Mean
(std)

12.4
(10.2)

aTop 50 reports with high optical resolution.

Figure 1. Graphical description of the framework.
A) Each paper-based report is manually transformed into an image file by a common digital scanner
(right upside, an example of paper-based report from the Pathology Unit of the IRCCS “Giovanni
Paolo II” of Bari, Italy). Then, the image is uploaded into the ARGO web application (black block),
transformed in structured text through OCR and saved (by a NLP approach) as structured data in a
database via webserver. “Diagnosis” attribution is carried out via API connecting ARGO with SEER
servers  (blue  block).  Finally,  ARGO  automatically  populates  eCRFs  via  API  (red  block).  B)
Representative picture of REDCap dashboard for a single case report including “Demography” and
“Disease parameters” forms (red bullets). 

Figure 2. Characteristics of data retrieved from diagnostic reports.
Graphical representation of diagnostic features, subdivided into specific fields, captured by ARGO
from a total of 239 paper-based pathology reports of DLBCL, FL, and MCL. 

Figure 3. ARGO performance.
Series of radar graphs indicating the performance metric as percentage of accuracy, precision, recall
and F1 score for different fields.
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Discussion

Principal Results

We aimed this study at designing a workflow to automate the collection of RW onco-hematological
data, with particular regard to lymphoma diagnoses. We developed an NLP-based application, called
ARGO, and provided a  “proof  of  concept”  for  its  reliability  in  generating eCRFs directly  from
unstructured  histopathology  reports.  We  successfully  tested  ARGO  performance,  in  terms  of
accuracy, precision, recall and F1 score, on a monocentric cohort of 239 lymphoma cases including
DLBCL, FL, and MCL. 
In comparison with other applications in oncology, ARGO confirmed super-imposable performances
in data field detection (6,11,14,16,30,31), while overcoming some limitations. For instance, in the
work by Nguyen et al., each metric decreases as the number of classes describing a certain data field
increases (11). This trend is globally confirmed in our experience, and even for data fields with high
number of classes, such as “Specimen Type”, we achieved very high precision level. To potentiate
the  OCR  performance,  we  created  three  separate  thesauri  for  “biomarkers”,  “specimens”  and
“diagnosis”. As in Tanenblatt et al. (31), we first included officially-recognized nomenclatures in the
“biomarkers” and “diagnosis” dictionaries, referring to the ICD10 classification. Then, we manually
added  synonyms,  abbreviations  and  other  uncommon  expressions  noticed  in  our  set  of  reports.
Nevertheless,  ARGO  failed  in  converting  six  reports  as  a  direct  consequence  of  OCR-based
limitations in reading reports with low-quality optical resolution.
From  a  more  applicative  point  of  view,  ARGO  might  maximize  the  use  of  clinical  data  in
translational research by boosting the adoption of EHR. Especially in onco-hematology, the public
healthcare system still lacks standardized models of RW data collection, and a number of gaps exist
concerning how to electronically collect unstructured information. Application of a computerized
approach to extract data from paper-based reports and directly populate eCRFs provides two main
advantages, i) standardization of data collection; and ii) data integration between Institutions and
research networks. Finally, our system takes advantage from two levels of personalization related to
REDCap, i) the designing of graphic interfaces directly by the clinical investigators according to
specific endpoints; and ii) the easily population of eCRFs via API. Therefore, ARGO appeared as a
valid  tool  for  a  precise  and  time-saving  recording  of  clinical  data  when  compared  to  manual
abstraction (16). Our approach results feasible in the daily practice, facilitating consultation, filtering
and management of RW data. This step is crucial to study wide proportions of onco-hematological
patients who have no access to clinical trials and support national research networking.

Limitations

Main limitations of the study could be the monocentric source of the histopathology report template
and the language. However, current pathology reporting systems allow the use of personalized data
fields according to shared templates and translational software, e.i. as “MyMemory” software, enable
the easy switch up across languages.

Conclusions

In  conclusion,  although  currently  limited  to  a  monocentric  subset  of  lymphoma  subtypes,  our
approach could be tailored to additional disease models in oncology and might also be feasible for
future machine-learning applications.
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MCL: mantle cell lymphoma
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BM: bone marrow
PB: peripheral blood
CD: cluster of differentiation
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Graphical description of the framework A) Each paper-based report is manually transformed into an image file by a common
digital scanner (right upside, an example of paper-based report from the Pathology Unit of the IRCCS “Giovanni Paolo II” of
Bari, Italy). Then, the image is uploaded into the ARGO web application (black block), transformed in structured text through
OCR and saved (by a NLP approach) as structured data in a database via webserver. “Diagnosis” attribution is carried out via
API connecting ARGO with SEER servers (blue block). Finally, ARGO automatically populates eCRFs via API (red block). B)
Representative picture of REDCap dashboard for a single case report including “Demography” (red bullets) and “Disease
parameters” forms. Abbreviations. ARGO, automatic record generator for oncology; OCR, optical character recognition; NLP,
natural language process; API, application programming interface; SEER, Surveillance, Epidemiology, and End Result; NIH,
national institute of health; CAP, college of American pathologists; eCRF, electronic case report form.
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Characteristics of data retrieved from diagnostic reports. Graphical representation of diagnostic features, subdivided into
specific fields, captured by ARGO from a total of 239 paper-based pathology reports of DLBCL, FL, and MCL. Abbreviations.
FL, follicular lymphoma; DLBCL, diffuse large B-cell lymphoma; MCL, Mantle cell lymphoma; BM, bone marrow; LN,
lymph-node; EN, extra nodal; PB, peripheral blood; BM, bone marrow; NA: not available; CD, cluster of differentiation; FISH,
fluorescent in situ hybridization; GCB, germinal center B-like.
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ARGO performance. Series of radar graphs indicating the performance metric as percentage of accuracy, precision, recall and
F1 score for different fields. Abbreviations. N, number; IHC, immunohistochemical; BM, bone marrow; CD, cluster of
differentiation; FISH, fluorescent in situ hybridization.
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Supplementary appendix.
URL: https://asset.jmir.pub/assets/371c78d24121457c9f492ce940ae6067.pdf

ARGO demonstration.
URL: https://asset.jmir.pub/assets/9bd6dba387a3f18cab88b5db44f0053a.mp4
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