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Abstract

Prostate cancer (PCa) data is of public health importance in
South Africa. Biopsy data is recorded as semi-structured
narrative text that is not easily analysed. Our study reports a
pilot study that applied predictive analytics and text mining
techniques to extract prognostic information that guides patient
management. In particular, the Gleason score (GS) reported in
a number of formats were extracted successfully. Our study
reports that predominantly older men were diagnosed with PCa
reporting a high-risk GS (8-10). Where cell differentiation was
reported, 64% of biopsies reported poor differentiation. The
approaches demonstrated in our study should be extended to a
larger dataset to assess whether it has the potential to scale up
to the national level.
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Introduction

Prostate cancer (PCa) is an important non-communicable
disease (NCD) in South Africa with a reported age-standardised
incidence rate of (ASIR) of 67.9 per 100 000 in 2012 [1]. Local
studies have reported that African men present with advanced
and aggressive PCa reducing the opportunity for remission [2].
Local guidelines indicate that patient management is directly
linked to Gleason score (GS) grading, percentage and numbers
of cores as well as ancillary information such as seminal vesicle
involvement and peri-neural invasion [3]. Prostate biopsy
results are stored as semi-structured narrative text that cannot
be easily analyzed. The GS is captured as follows; (i) major
score, e.g. 4 and (ii) minor score, e.g. 3. This equates to a 4+3=7
GS. This data is captured in multiple formats depending on
reporting practices at each laboratory. For example, a GS of
3+4=7 could be reported as follows; (i) major 3 and minor 4 =
7, (ii) 3+4=7, (iii) (major pattern 3 + minor pattern 4) = 7, (iv)
3+4=7 and (v) (3+4)=7. The number of cores, GS and cell
differentiation provides valuable insights to assess late
presentation and poor prognosis [3]. The objective of our study
was to investigate the use of big data analytics (text mining) to
extract meaningful data from narrative prostate biopsy results.

Methods

The retrospective descriptive study design was used to analyse
laboratory data between 2006 and 2016 for men 30 years and
older. The sample population of 1000 cases was randomly
selected from prostate biopsies with an adenocarcinoma
histological  finding determined wusing Systematized
Nomenclature of Medicine (SNOMED) morphology codes [4].
Convenience sampling was used. Local guidelines were used to
categorise PCa risk using the GS as follows; (i) GS 2-6: low-
risk disease (LRPCa), (i) GS 7: intermediate-risk disease
(IRPCa) and (iii) GS 8-10: high-risk disease (HRPCa) [3]. An
example of a fictitious biopsy narrative report is provided:

EPISODE NUMBER: ABC1234 SPECIMEN DETAILS: PROSTATE
BIOPSIES. CLINICAL DETAILS: THE PATIENT IS 66-YEAR-OLD
MALE WITH AN ENLARGED PROSTATE AND A PSA LEVEL OF
20.8. PROSTATE CORE BIOPSIES WERE SUBMITTED TO
EXCLUDE CARCINOMA OF THE PROSTATE. MACROSCOPY:
SEVEN CORE BIOPSIES ARE RECEIVED, RANGING IN LENGTH
FROM 25MM TO 10MM. PATHOLOGICAL DIAGNOSIS: PROSTATE
CORE BIOPSIES, WITH REPRESENTATION OF THE SEMINAL
VESICLE: INVASIVE MODERATELY DIFFERENTIATED
PROSTATIC ADENOCARCINOMA. GLEASON SCORE = MAJOR 3 +
MINOR 4 =7 THERE IS PERINEURAL INVASION IDENTIFIED. NO
LYMPHOVASCULAR SPACE INVASION IS PRESENT IN THE
SECTIONS EXAMINED. THE TUMOUR IS PRESENT IN 2 OUT OF 7
CORE BIOPSIES WITH AN APPROXIMATE BULK OF 20%.

Figure 1: Fictitious prostate biopsy narrative report

This study applied text mining techniques and specifically
made use of regular expressions to address the complex
relationships among the data [5], including structured,
unstructured and semi-structured data [6]. Prostate biopsy
reports data were extracted and loaded to the Spyder Integrated
Development Environment (IDE) which uses the Python
programming language [7]. Spyder IDE offers features such as
advanced editing, debugging, profiling, data exploration and
interactive execution [8-10]. The data was first pre-processed
and cleaned using tokenisation and stop word removal.
Stemming was used to derive the root word. Using feature
generation, the bag of words was developed and n-grams
generated. Feature selection was used to develop a vector space
by selecting a subset of features from the biopsy reports.
Regular expressions representative of the GS target feature such
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as “gleason”, “Gleason”, “GLEASON”, “Gleeson”, etc. were
used to identify the target feature. Lastly, the required data was
then extracted for each biopsy and produced as an output extract
that was analysed and visualised. The output variables included;
(i) episode number (ABC1234), (ii)) age (66), (iii) cell
differentiation type (moderate), (iii) number of cores (7), (iv)
type on cellular invasion (Perineural) and (v) GS (3+4=7). The
ages extracted from the biopsy report were correlated against
the manually captured values. The data reported includes; (i)
GS, (ii) percentage of biopsies by cell differentiation and (iii)
distribution of the number of cores submitted. Age were
categorised as follows; (i) <50, (ii) 50-59, (iii) 60-69, (iv) 70+
and (v) “Age not stated”.

Results

The episode number was extracted for all biopsies (100%). The
age was extracted for 893 biopsies (89%). An age was captured
for 877/1000 (88%) of biopsies compared to 956/1000 (91%)
in the LIS. There were 17 biopsies where different ages were
recorded (2%); 3/17 likely transcription errors, e.g. 6 recorded
instead of 60. The majority of biopsies were requested for men
>60 years (86%).
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Figure 2: Distribution of the extracted age

Of 1000 biopsies, 286 reported cell differentiation
characteristics (29%). Poorly differentiated adenocarcinoma
was reported for 64% of biopsies followed by 29% for moderate
differentiation.

Well
differentiated

Figure 3: Cell differentiation distribution

The GS was extracted for all 1000 biopsies. A GS of 3+3=6
and 5+4=9 was reported for 18% of biopsies each (total of
26%). This was followed by the 4+3=7 GS (16%). Half of the
patients reported a high-risk GS (8-10: 47%).

Conclusion

The use of predictive analytics holds tremendous potential
especially in a resource-poor setting where documented clinical

data is poor or absent. The prognostic information could be used
to categorise patients into risk groups. The accrued laboratory
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Figure 4: Distribution of Gleason score risk category

data could enable an understanding of PCa differentiation and
GS by unlocking clinical information captured in the narrative
reports. This could enable real-time cancer data analysis (as
opposed to cancer registry reporting that is delayed). The
approach reported in our study should be extended to a larger
dataset to assess the ability to scale up to the national level.
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