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A B S T R A C T

Background: Cervical cancer is the second most common cancer in developing
countries. Few studies have associated its incidence rate to cervical schistosomiasis
which is also endemic in Sub-Saharan Africa (SSA) while others have rejected this
association. This contradiction could be a result of small sample sizes which
introduce bias in study findings. Therefore, there is a need to appraise
cost-effective methods such as text-mining. Text-mining of histology reports in
laboratory databases may provide sufficient sample size to adequately test the
relationship between cervical schistosomiasis and cervical cancer and
precancerous lesions and provide more robust findings.

Aim: This study aimed to use text-mining techniques on pathology reports
available at National Health Laboratory Service (NHLS) to investigate the presence
of cervical schistosomiasis in patients with precancerous lesions and cervical
cancer.

Methods: Detailed cervical histopathology reports from Inkosi Albert Luthuli
Hospital from 2011 to 2017 were obtained from NHLS. Only 50% of records had a
diagnosis in terms of cervical precancerous lesions, cancer and other cervical
pathologies. The reports were pre-processed and One-Versus-One (OVO)
and One-versus-All (OVA) Support Vector Machine (SVM) and Random Forest (RF)
classifiers were trained and optimised to assign diagnosis to records without
diagnosis. The performance evaluation of all classifiers was assessed using recall,
precision and F-measure. The best performing classifier was used to predict the
pathology group of all records in the dataset. Furthermore, word/phrase
matching was used to classify records with cervical precancerous lesions into their
various grades and cancer records into various types of cervical cancer.
Word/phrase was also used to extract the Human Papillomavirus (HPV) and
schistosomiasis status from all selected records. Frequencies and proportions were
used to describe reporting patterns of schistosomiasis and HPV. Subsequently, the
prevalence of schistosomiasis was calculated using a dataset that was restricted to
records with a known schistosomiasis status. The Independent t-test was used to
assess if there was any relationship between schistosomiasis and age at cervical
pre-cancerous lesions and cancer diagnosis. A sensitivity analysis was also done.
It was done under the assumption that patients without schistosomisis related
terms in their histology report were schistosomiasis negative.

Results: OVO SVM accurately classified 94.2% of records into cervical
precancerous lesions, cancer and other pathologies. Schistosomiasis and HPV was
reported in 5.58% (n=1, 315) and 58.02% (n=13, 668) of records, respectively. The
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prevalence of schistosomiasis was 42.80% (n=464) in cervical pre-cancerous lesions
and 23.3% (n=54) in cervical cancer in samples where schistosomiasis status was
reported. This prevalence changed to 2.59% in cervical precancerous lesions and
0.96% in cervical cancer under the sensitivity analysis. The mean age of pre-cancer
diagnosis in schistosomiasis positive patients was 38 ± 9.46 years while that of
schistosomiasis negative patients was 40 ± 9.86 years. The mean age at cancer
diagnosis in schistosomiasis positive patients was 45 ± 13.70 years while that of
schistosomiasis negative patients was 50 ± 13.78 years. The mean age difference
between the schistosomiasis positive patients and schistosomiasis negative
patients were statistically significant in both cervical pre-cancerous lesions and
invasive cancer. These findings were similar in the sensitivity analysis.

Conclusion: This study shows that text-mining techniques effectively classified
records into various pathology groups. Through text-mining, this study identified
the largest number of cervical precancerous lesions and cancer cases that could be
used to explore the relationship between cervical schistosomiasis and cervical
precancerous lesions/cancer compared to other studies. Women with
schistosomiasis may develop cervical precancerous lesions and cancer 2 and 5

years earlier than patients without schistosomiasis respectively. However, findings
were limited by the low schistosomiasis reporting rates in this population. There is
need for pathologists to report the schistosomiasis status in cervical precancerous
lesions and cancer as this type of study highly relies on routinely collected data.
Moreover, further studies are required to explore the effect of HIV and
schistosomiasis treatment on the control of cervical precancerous lesions and
cervical cancer in SSA.
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1
I N T R O D U C T I O N

1.1 background

Cervical cancer is the second most common cancer in developing countries [1].

Rural communities in sub-Saharan Africa SSA carry the highest burden of cervical

cancer [1, 2]. They have an age-standardised incidence and mortality rates of 33

and 21 per 100, 000 women per year respectively. [1]. In 2012, 18% of all new

cervical cancer cases and 22% of all cervical cancer deaths were from SSA. Based

on 2008 incidence rates, cervical cancer incidence rates are expected to increase by

90% by 2030 in most SSA sub-regions [3].

Literature provides evidence on the socio-cultural, socio-economic and biological

factors that influence the distribution of the necessary cause of cervical cancer (i.e.

Human Papillomavirus HPV) in SSA [2, 4]. Early and polygamous marriages, high

parity, poverty, poor hygienic conditions, poor nutritional status and infections

such as Human Immunodeficiency Virus (HIV) that compromise the immune

system have been identified as risk factors of acquiring HPV in SSA [1]. The high

incidence rates of cervical cancer in developing countries have also been

associated to limited effective HPV screening [5]. However, few studies have

focused on the role of infectious diseases such as schistosomiasis that are

prevalent in SSA on the incidence rates of cervical cancer currently observed in the

region [6–10].

Schistosomiasis is a neglected tropical disease that affects approximately 207

million people worldwide with more than 90% of cases living in SSA [11].

Schistosomiasis has been associated with cancer of the bladder [12]. It has been
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introduction

reported that 0.3% of all cancers due to infectious agents were attributed to

urogenital schistosomiasis in 2012 [13]. However, its role on the incidence of

cervical precancerous lesions and cancer is still undefined.

Currently, literature from observational studies on the role of cervical

schistosomiasis in cervical precancerous lesions and cancer is contradictory. The

hypothesis of a causal relationship between cervical schistosomiasis and cervical

cancer was suggested in 1970 [7]. Subsequent, cross-sectional studies conducted in

Tanzania, Ghana and Togo rejected this hypothesis [6, 8, 10]. On the other hand, a

cross-sectional study in rural Tanzania and a cohort study in Zimbabwe suggested

that cervical schistosomiasis may provide a favourable environment for

high-risk HPV infection [9, 14].

The existing contradiction in the literature on the relationship between cervical

schistosomiasis and cervical cancer can be linked to the limitations of the

methodology used when assessing this relationship. So far, studies have

implemented methodologies that require laboratory testing and manual review of

unstructured patient records (e.g. pathological reports). Therefore, they often use a

small sample size which may be prone to bias in the selection of study

participants and non-representativeness. Where large sample sizes are involved,

errors associated with a manual review of records may bias the findings of the

study. Thus, these limitations may lead to different conclusions in various studies.

Moreover, the cost of implementing such methodologies may limit the rate at

which literature on the relationship between cervical schistosomiasis and cervical

cancer is provided. Therefore, there is a need to explore less resource-intensive

and efficient methodologies such as text-mining of electronic histological reports

to assess the relationship between cervical schistosomiasis and cervical cancer.

Text-mining is a discovery process that is used to automatically extract important

knowledge from narratives such as admission histories, discharge summaries,

reports of physical examination, radiology and pathology reports [15]. These

2
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reports are rich sources of data that could be used to improve the quality and cost

of healthcare; describe disease patterns and provide information for effective

disease surveillance [16]. However, the free text in the report does not enable

quantitative analysis to draw all these benefits. Therefore, key information needs

to be efficiently extracted from these reports for quantitative analysis that will

strengthen health systems. When human coders are performing this task, they are

required to read each record to extract relevant information. This is a

time-consuming process and might require many coders depending on the size of

narratives. This might lead to delays in providing key evidence for policy making.

The automation involved in text-mining reduces the time and number of human

coders required to extract information from narratives. Thus, text-mining is a

cost-effective alternative to human coders when analysing large numbers of

narratives.

Studies have demonstrated that text-mining can be used to efficiently extract

information from pathological and radiological reports. In cancer research,

text-mining has been successfully used to extract information on clinical

description of malignancies, Tumour-Nodes-Metastasis classification, International

Classification of Disease in Oncology (ICD-O3) classification, cancer death

classification and high-risk HPV types from clinical narratives [17]. However, the

application of text-mining techniques in the extraction of information on cervical

precancerous lesions, cervical cancer and schistosomiasis research has not been

explored.

1.2 problem statement

Studies have demonstrated that HPV is a necessary cause for cervical cancer.

Despite the global distribution of HPV, SSA currently has the highest incidence and

fatality rates of cervical cancer in the world. Literature suggests this burden could

be associated with the high prevalence of cervical schistosomiasis in the region.

However, to date there is limited evidence on this relationship and the data are
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contradictory. This could be due to the cost of implementation of current

methodologies and their weaknesses. Thus, there is a need to explore efficient

methodologies like text-mining in producing valid findings on the role of cervical

schistosomiasis on the burden of cervical cancer in SSA.

1.3 motivation

The incidence rate of cervical cancer in SSA is expected to increase by 90% by 2030

if nothing is done [3]. Previous studies assessing the role of cervical

schistosomiasis on the burden of cervical cancer in SSA have been expensive,

time-consuming and produced results with limited generalizability. Thus, it is

crucial to explore the use of less resource-intensive methodologies such as

text-mining to assess the role of cervical schistosomiasis on the burden of cervical

cancer in SSA. Text-mining can provide timely evidence to inform current efforts to

address the burden of cervical cancer in SSA. Furthermore, the National Health

Laboratory Service Corporate Data Warehouse (NHLS-CDW) provides a unique

opportunity to access national electronic cervical histology reports in South Africa.

1.4 research aim

The aim of this study was to investigate the presence of cervical schistosomiasis in

patients with cervical precancerous lesions and cancer using text-mining techniques

on pathology reports available at NHLS.

1.5 specific objectives

To achieve this aim, the following objectives applied;

1. Establish the performance of text classification techniques in the study of

cervical precancerous lesions, cancer and schistosomiasis.

4



introduction

2. Determine the yearly prevalence of cervical schistosomiasis in patients with

precancerous and cervical cancer lesions from 2011 to 2017.

3. Describe the patterns, trends and distribution of cervical schistosomiasis in

patients with cervical cancer and precancerous from 2011 to 2017.

1.6 definition of key terms

Regular expressions: These are specially encoded text strings used as patterns for

matching sets of strings [18].

Features: also known as attributes are individual measurable properties or

characteristics of a phenomenon being observed [19].

Classes: This can be considered as the groups to which various data points in a

dataset belong. They are also called labels or categories [20].

Classification: This is the process of predicting the class/category of a data

point [20].

Classifiers: These are algorithms that learn the relationship between features and

classes and uses this knowledge to assign a class label to a data point [21].

Confusion matrix: This is a matrix showing the predicted and actual

classification [22].

1.7 outline of research report

This report is organised as follows. Chapter 2 presents the literature that

underpins the relationship between cervical schistosomiasis and cervical

precancerous lesions and cancer. The literature on the implementation of

5



introduction

text-mining techniques to address public health problems is also presented in this

chapter. Chapter 3 discusses the text-mining techniques and statistical techniques

applied in this study. Chapter 4 presents the findings of this study while Chapter

5 discusses the interpretation and limitations of these findings. Chapter 6 provides

conclusion and recommendations.
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2
L I T E R AT U R E R E V I E W

2.1 introduction

This chapter provides an overview of the literature on cervical precancerous lesions,

cervical cancer and cervical schistosomiasis as well as their possible relationship. It

also presents the literature on the implementation of text-mining to address public

health issues and current gaps in the literature.

2.2 cervical precancerous lesions and cancer

Cervical cancer is the second most common cancer in developing countries [1]. It

is preceded by precancerous phases characterised by a series of abnormal changes

in the cervical cells. A three-tiered classification was previously used to denote the

severity of these changes; Cervical Intraepithelial Neoplasia (CIN)1 was used for

mild changes, CIN2 for moderate changes and CIN3 for severe changes and

carcinoma in situ [23]. This classification was revised into a two-tiered

classification by the Bethesda System for Reporting Cervical Cytology (TBS) for

cytology specimens in 1988 and was adopted by the World Health

Organisation (WHO) in 2014 [24]. In this new classification, CIN1 is classified

as Low-grade Squamous Intraepithelial Lesions (LSIL) while CIN2 and CIN3 are

classified as High-grade Squamous Intraepithelial Lesions (HSIL).

Cervical precancerous lesions and cancer have been linked to persistent infection

with HPV. HPV is a group of sexually transmissible viruses with about 100 types.

Thirteen types of HPV are known carcinogens, with two ( HPV16 and HPV18) being

responsible for 70% of cervical precancerous lesions and cancer cases. Risk factors
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for contracting HPV include early sexual intercourse, multiple sexual partners,

tobacco use and suppressed immune system due to HIV infection and prolonged

use of steroid contraceptives [25, 26].

Cervical infection with HPV might remain stable, regress to undetectable levels or

lead to an LSIL within months or years with few cases progressing to HSIL and

cervical cancer [25]. A study among adolescent and young women between the

age of 13 and 22 years conducted in San Francisco-USA showed that 40% (n=207)

of women infected with HPV develop LSIL within 40 months of follow-up.

However, approximately 70% of these women regressed to undetectable levels

within 20 to 30 months and only 5% of women developed HSIL within two

years [27]. A meta-analysis of 36 studies suggests that approximately 50% of CIN2

cases will also regress after two years with only one fifth progressing to CIN3 or

cervical cancer [28]. Furthermore, a cohort study conducted in Denmark showed

that the probability of progressing to CIN3 or worse in 12 years after infection

with HPV16 was 26.7% and 19.1% following infection with HPV18 [29].

Despite studies showing high HPV infection clearance rates, rural communities

of SSA currently have the highest incidence and fatality rates of cervical cancer [2].

These incidence and fatality rates have been associated with limited access to

health education, HPV vaccination, inadequate HPV screening and care in

advanced stages of cervical cancer [5, 25].

2.3 schistosomiasis , cervical precancerous lesions and cervical

cancer

Schistosomiasis is a neglected tropical disease contracted when larvae of a

Schistosoma genus released by freshwater snails penetrate the skin. There are five

species of Schistosoma with three predominantly present in Africa, namely,

Schistosoma mansoni, Schistosoma guineensis and Schistosoma haematobium [30]. Upon

penetration into the body, the larvae travel through venous circulation to the
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lungs, heart and liver where they develop into adult worms. The adult worms

then migrate in pairs to various mesenteric venules (depending on the species).

The male and female adult worms copulate at this location. The female adults

then lay eggs which are transported to various organs where they get trapped

and/or eliminated [31].

S. haematobium has been identified as the main Schistosoma specie involved in

urogenital schistosomiasis [30]. Their adult worms migrate to the vesicular and

pelvic venous plexus of the bladder and their eggs are often transported to the

bladder, ureters and reproductive organs [31]. In some instances, S. mansoni and S.

japonica whose ova have a predilection for large and small intestines respectively,

are also deposited in the female genital organ [32, 33]. Female Genital

Schistosomiasis (FGS) is characterised by the deposit of Schistosoma ova in the

female genital organ. It mostly affects the cervix and vagina [34]. The clinical

features of FGS were first described in an Egyptian woman in 1899 [35]. Since then,

there have been growing evidence of its negative impact on the female

reproductive organ [36, 37]. Schistosoma ova often causes moderate to severe

inflammation, ulcerative lesions and scars in the areas surrounding the affected

part that may cause infertility, abortion, ectopic pregnancy, weakened local

immune system etc. [38].

Studies have shown that S. haematobium is the carcinogenic agent involved in most

bladder cancers [12, 39]. However, its role in cervical precancerous lesions and

cancer is not yet defined. Figure 2.1 illustrates the hypothesised pathways through

which FGS can affect the natural history of cervical cancer.

Youssef et al. suggested a causal relationship between schistosomiasis and cervical

precancerous lesions/cancer [7]. The cervical tissues infected with non-viable

schistosoma ova usually shows a fibrous connective reaction described as

scars [38]. Youssef et al. viewed the extensive epithelial scaring associated with

cervical schistosomiasis as a predecessor to cervical precancerous lesions and
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Source:[40]

Figure 2.1: Hypothesised relationships between schistosomiasis and cervical cancer

cancer [7].

Other researchers have suggested that schistosomiasis can alter the natural history

of HPV and HIV [34] which can lead to the high burden of cervical cancer observed

in developing countries. The ulcerative lesions induced by schistosomiasis

enhance the acquisition of HPV [34]. Moreover, schistosomiasis weakens the

cervical local immune systems reducing the ability of the cervix to clear HPV

infections [41]. This may lead to persistent infection with HPV and increased

local HPV viral load which will assist in the rapid development of HPV induced

lesions [42].

A recent study suggested that infection with schistosomiasis can reduce the

impact of the HPV vaccine in preventing cervical cancer [43]. Gent V. et al. studied
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the effect of chronic infection with S. mansoni on the antibodies induced by

the HPV vaccine was examined in animals [42]. Findings showed that animals

infected with S. mansoni developed HPV-specific IgG antibodies at a lower rate

compared to the group without the infection. This rate was relatively higher

among those who received Praziquantel compared to those who did not receive

any treatment. While the antibodies developed over six weeks persisted in the

group without the infection and the treated infected group, it decreased in the

infected group without any treatment for schistosomiasis. Thus, reducing the long

term protective effect of the HPV vaccine against cervical cancer.

2.4 epidemiology of cervical schistosomiasis and precancerous

lesions and cancer

The role of cervical schistosomiasis on the burden of cervical precancerous lesions

and cancer is contradictory. A study conducted in Egypt in 1970 reported a causal

relationship between cervical cancer and precancerous lesions [7]. The researchers

retrospectively assessed the laboratory reports of 121 females with cervical cancer

from two hospitals in Egypt. They found out that 15 cases were infected with

cervical schistosomiasis. Based on these findings, it was concluded that cervical

schistosomiasis might lead to cervical cancer. A subsequent review of a larger

sample of patient records in Tanzania and Togo identified a 1.7% and 1.9%

prevalence of cervical schistosomiasis respectively. Thus, they concluded that there

was not enough evidence to support the association between cervical

schistosomiasis and cervical cancer highlighted in the earlier studies [8, 10]. A

cross-sectional study and a cohort study were conducted in Tanzania and

Zimbabwe respectively to further investigate this association [8, 14]. In these

studies, samples were collected from females living in rural areas and tested

for HIV, HPV, S. haematobium and precancerous lesions. The Tanzanian study

hypothesised an association between persistent high-risk HPV and cervical

schistosomiasis [9]. However, the study in Zimbabwe demonstrated that this

association disappears after 5 years of follow up [14]. Nonetheless, both studies
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concluded that damages to genital tissues and weakening of the local immune

system induced by FGS might favour a persistent infection with HPV.

2.5 limitations of current methods

The extensive use of laboratory testing and manual review of records might

explain the differences in current findings of the relationship between cervical

schistosomiasis and cervical cancer. Laboratory testing generally involves the cost

of buying reagents to carry out the required tests within a specific population.

Most studies using this approach had a sample size of less than 40 study

participants [6, 14, 44] with only one having a sample size of 218 participants [9].

However, they may not be representative of the study population and may lead to

variation in results and validity. Moreover, where studies have a larger sample

size, manual human coding is the general method used in the review of records

before analysis [7, 8, 10]. This is time-consuming, requires extensive human input,

and is prone to many errors [45, 46]. Therefore, text-mining can be used to

overcome the above-stated limitations and improve the quality of results.

2.6 text-mining in health

Text-mining techniques have been widely used in the field of public health to

extract information from clinical narratives that are relevant to understand disease

patterns. They have also been used to classify and retrieve medical records and

establish surveillance systems. A recent application of text-mining in public health

includes the development of the Clinical History Extractor for Syndromic

Surveillance in Singapore [47]. A keyword-based algorithm was used to

automatically extract 48 signs of respiratory infections, gastrointestinal infections,

constitutional and symptoms associated with other infectious diseases from

patients’ records. It had an overall accuracy of 97.6% when compared to a human

classifier. The integration of such systems in the provision of health care service
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will provide a reliable surveillance system to efficiently monitor and treat

respiratory and gastrointestinal infections in the region.

Furthermore, text-mining techniques have been used in pathology studies for

auto-coding, case detection, critical value detection, de-identification, negation

and extracting structured information over the past 25 years [17]. The classification

of 5, 121 pathology reports from 35 pathologists into cancer cases and non-cases in

France shows an application of these techniques in cancer research [48]. In this

application, text-mining achieved a specificity of 96.7% for topography and

morphology in the classification of pathology reports based on the International

Agency for Research (IARC) guidelines. However, it had lower performance on

ICD-03 classification (topography specificity 75.1%, morphology specificity 85.4%).

Nonetheless, this performance could be improved by increasing the sample size,

carefully selecting the variables to be considered and techniques to be used in

various text-mining processes.

2.7 gap in the literature

Despite the efficiency and the cost-effectiveness of text-mining in extracting

information from pathology reports, very little attention has been given to its use

for determining the effect of cervical schistosomiasis on the burden of cervical

cancer in SSA. Thus, this study explored the use of text-mining techniques to

extract and analyse information on cervical schistosomiasis from cervical

histology reports.

2.8 conclusion

This chapter presented the current literature on cervical precancerous

lesions/cancer and cervical schistosomiasis. it also discussed the possible

pathways through which schistosomiasis can cause or favour the progression of
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precancerous lesions as well as epidemiological knowledge on the association of

cervical schistosomiasis and precancerous lesions/cancer. This chapter

highlighted limitations in methodologies currently used to explore the impact of

schistosomiasis on the burden of cervical cancer in SSA. Furthermore, it provided

a review of the use of text-mining techniques to strengthen health systems. The

next chapter will present detailed steps on how text-mining techniques were

implemented to convert histology reports into a structured dataset and

quantitatively analysed.
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3
M E T H O D O L O G Y

3.1 introduction

This chapter describes the study population, the data source and data cleaning. It

also describes the text-mining methods used to convert cervical histology reports

from histology reports to a structured dataset. The data management, descriptive

methods and ethical considerations are also described in this chapter.

3.2 study population, data source and description

3.2.1 Study Population

This study involved all cervix related histology reports uploaded to

the NHLS Corporate Data Warehouse (CDW) database by Inkosi Albert Luthuli

Central Hospital from 2011 to 2017. Inkosi Albert Luthuli Central Hospital is a

public/private hospital situated in Durban, KwaZulu-Natal (KZN). KZN is the

province situated in the south-eastern part of South Africa. The prevalence of

schistosomiasis in school-going children in this province varies between 37.5% and

56% [49, 50]. Between 2013 and 2014, KZN had the highest prevalence of HSIL and

the second-highest prevalence of LSIL in South Africa [51]. Moreover, cervical

cancer is the most common cause of cancer death among women in this province

[52].
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3.2.2 Data Source

The datasets used in this study are extracts from the NHLS central CDW. NHLS is

the largest provider of diagnostic pathology in South Africa. It supports the public

health sector by providing diagnostic services to approximately 85% of South

Africans; as well as evidence for effective disease surveillance. NHLS achieves this

through its national network of more than 260 laboratories [53]. Each laboratory

has a laboratory information system (LIS) into which the demographics, test, and

results of each patient is captured. These data from all laboratories in the NHLS

network are automatically fed into a central corporate data warehouse in the form

of reports [54]. These reports are often semi-structured with the results sections

often presented as narratives (see Appendix B for a sample report). This corporate

data warehouse provides a rich source with pathology reports from which

information could be extracted to investigate disease patterns, trends and

associations.

3.2.3 Dataset Description

NHLS provided cervical histology laboratory reports from 2011 to 2017 as four

separate datasets. Each dataset consisted of seventeen variables. There was a

unique identifier for patients and a unique identifier for each histology sample.

Patients demographic information were captured in nine variables. Histology

information was captured in six variables among which one had the detailed

histology report as narratives (see Appendix C for list of variables).

All the four datasets had the same demographic information and unique

identifiers but different information on the SNOMED-CT. SNOMED-CTs are clinical

terms that have been translated into codes to enable the exchange of healthcare

information globally [55]. In these datasets, the SNOMED-CT defined the specimen

site (topography), the procedure performed and the diagnosis (morphology and
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diagnosis). Each dataset contained information on one SNOMED-CT only i.e. there

was a dataset with topography SNOMED-CT only, one with the procedure, one with

morphology and another with the diagnosis. The number of records in each

dataset varied given that all records did not have all four SNOMED-CT. Only 50% of

records had a diagnosis in terms of cervical precancerous lesions, cancer and other

cervical pathologies.

The methodology sub-sections above presented the population, data source and

datasets from which information on cervical precancerous lesions, cancer and

schistosomiasis was extracted and analysed. The following sub-sections will

describe the methods applied to extract and analyse information from the dataset

described above. Figure 3.1 presents an overview of the methods applied in this

study.

Two main techniques were applied; text-mining and data analysis

3.3 text-mining

Text-mining is a process within which, Natural Language Processing (NLP), data

mining and machine learning (see 3.3.2) techniques are used to analyse large

amounts of texts to extract and summarise important information [15, 17]. NLP is

the application of computational techniques to analyse and synthesizes naturally

occurring text to achieve human-like processing in certain tasks or

applications [56]. Text-mining was applied in this study to assign diagnosis to

records without any and extract information on the precancerous lesions grade,

cancer type, HPV, HIV and schistosomiasis status. This was achieved through the

set of iterative steps as presented in Figure 3.2.
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Figure 3.2: Text-mining process

3.3.1 Pre-Processing

Pre-processing consisted of eliminating duplicate records, dealing with implausible

date of births and age, correcting inconsistent information and integration of the

four datasets provided by NHLS.

Duplicates removal

There were 6 (0.02%), 12, 866 (34%), 23, 800 (98%) and 4, 806 (46%) duplicates

records in the topography, procedure, morphology and diagnosis datasets

respectively. These duplicates were due to SNOMED-CTs (“snomed_code”) with more

than one definition (“snomed_name”). An example of this is illustrated in Figure

3.3below.
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Figure 3.3: Example of SNOMED-CT definition variations

Most records in the procedure, morphology and diagnosis datasets were

duplicated to accommodate all these variations in SNOMED-CT definitions. Also,

there were few records with a variation the test methods names. This variation

was the main source of duplicates records in the topography dataset.

To eliminate duplicates, the SNOMED-CT definitions and test method name variables

were eliminated from the main dataset and duplicates eliminated based on the

remaining variables. The test method was permanently eliminated as it was not

an important variable of interest in the study. On the other hand, the SNOMED-CT

definitions were standardised by giving only one of the corresponding names and

merging them back to the main datasets.

Cleaning date of birth and age

Approximately 10% of records had their date of birth before 1900 and they were set

to missing. Regular expressions were used to extract patients’ age from the detailed

histology reports. Regular expressions are specially encoded text strings used as

patterns for matching sets of strings [18]. In other words, a sequence of symbols

and characters were used to find and extract age captured by the pathologist in the

histology report. In cases where the age was not mentioned in the histology report

or the patients were less than ten years old, the age was calculated from the date of

birth and the report date.

Inconsistent information

Under normal circumstances, the dataset on cervical pre-cancerous lesions and

cancer should only have female patients. However, approximately 419 (1%) of

patients were captured with a male or unknown sex. The manual review of fifty
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records was used to confirm that these were reports related to the cervix. After

confirmation, all records were considered to belong to female patients.

Integration of datasets

The four datasets were appended and cleaned through the procedures described

above. The SNOMED-CT codes were separated from the main dataset. All

morphology and diagnosis codes corresponding to each histology sample were

combined in one cell before merging back to the main datasets using the histology

sample unique identifier. Duplicates created by appending all datasets were

excluded. This approach was motivated by the fact that certain histology samples

had supplementary reports that could be found in any of the four datasets

provided. Thus, appending all datasets before excluding the duplicates limited

information loss which could be associated with extracting the SNOMED-CT from

other datasets and merging them to one dataset.

Data labelling

Records with a diagnosis and/or morphology SNOMED-CTs were grouped into

three main pathology groups; cervical precancerous lesions, cancer and other

cervical pathology. The precancerous lesions group was made up of all HSIL, LSIL

and carcinoma in-situ. The cancer group was made up of all cancer types and any

other record that was not a precancerous lesion or cervical cancer was grouped

under other cervical pathologies. This is because pathology reports in various

groups had similar terms in their histology report. Moreover, further

disaggregation into smaller groups (various cervical precancerous lesions and

cervical cancers) could negatively impact the accuracy of the classification

process [57].

Each pathology group was assigned a numerical value as shown in Table 3.1. The

numerical equivalents of various groups were used as labels to train a multiclass

classified.
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Table 3.1: Labels and numbers

Category Name Numerical equivalent

Other 0

Pre-cancer 1

Cancer 2

The distribution of each pathology group in the labelled dataset was explored to

identify any need to oversample or under-sample records in certain pathology

groups. It also guided the selection of the appropriate algorithm evaluation metric.

Text pre-processing

Text pre-processing is an important process before feature extraction. It enables

the removal of features that are not necessary for the classification e.g.

(punctuation marks, stop words, etc.) [58]. Features also known as attributes are

individual measurable properties or characteristics of a phenomenon [19]. In this

study, text pre-processing involved converting all text into lower case, removal of

line breaks, extra space between words, punctuation marks, special characters and

stop words, unnecessary information as well as the expansion of contracted words

(short words made by putting two words together e.g. can’t).

Regular expressions were used to remove line breaks, extra space between words,

laboratory addresses and section headings. Subsequently, the histology report was

broken up into individual words called tokens (tokenisation) and all special

characters were removed. A JavaScript Object Notation (JSON) file with one

hundred and seventeen contracted English words and their expansions were used

to expand contracted words in the histology reports. Stop words were removed

using a modified list of stop words provided in the Natural Language

Toolkit (NLTK) package of Python 3.7. Words like “no” and “not” were excluded

from the list of stop words proposed by NLTK as they are key in identifying a
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negative diagnosis.

Visualisation was applied using word cloud and density plots before and after text

pre-processing. They provided visuals of the key changes in the contents of the

histology reports after cleaning.

Feature extraction

Classification algorithms are unable to read and interpret narratives like human

beings. They rely on the representation of narratives as numerical values for

interpretation and classification of reports [59]. Feature extraction also known as

vectorisation or indexing is the process of transforming text data into a numerical

vector space [60]. This was achieved through the N-grams and Term

Frequency-Inverse Document Frequency (TF-IDF) metric. N-gram is a method

where n-number of words are extracted in the order in which they occur in a text

to generate features that are used to represent a text [58]. TF-IDF is a metric that

measures how important these features are to a document in relation to a group of

documents [61]. It is calculated as

TF− IDF(t,d) = TF(t,d)× log(
N

DF(t)
) (3.1)

Where

• t: term (i.e. a word in a document)

• d: document

• TF(t): term frequency (i.e. how many times the term t appears in the document

d)

• N: number of documents in the corpus

• DF(t: number of documents in the corpus containing the term t

In other words, the histology reports (documents or records)were broken down

into single words (uni-gram) and groups of two adjacent words (bigrams). This
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method was used to consider the order of words in the report text before weighting.

Each feature was allocated a weight based on their frequency of occurrence in each

report compared to their occurrence in the whole dataset. Features that occurred in

less than 2 reports and in more than 95% of all the reports were excluded. Higher

weights were assigned to features with a low frequency of occurrence in all reports

and features that were frequent in the corpus were assigned lower weights. The end

product of this process was a term-document matrix with 54, 629 features. Each row

represents a report and each column represent a feature. The data points contained

the weight of the feature in each report.

Feature selection

Feature selection is a process where some criteria are used to choose the optimal

subset of features from the original features of the dataset. Through feature

extraction, texts or documents are presented as a bag of words and/or n-words.

This representation generally leads to a high dimensionality feature space with

redundant features and sparsity (features with mostly missing values) [62].

Training a model with such features can drastically reduce the accuracy of the

model. Thus, it is important to construct a new vector space with features that will

enable the model to reach its highest possible accuracy [63]. This was achieved

through Latent Semantic Analysis (LSA).

LSA is a dimensionality reduction method similar to principal component analysis.

It applies Singular Value Decomposition (SVD) to construct concepts based on

word similarity [64]. SVD takes as input the dataset produced during the feature

extraction process. This dataset is decomposed into three matrices. Two

orthogonal matrices that measure the document-to-concept similarity and the

feature-to-concept similarity and a diagonal matrix that measures the strength of

each concept. The product of these matrices is subsequently computed to identify

the similarity between words and built relevant concepts. The output of SVD is a

document-to-concept matrix. Thus, reducing the number of features in the dataset,
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a process known as dimensionality reduction.

Although LSA considerably reduces dimensionality, it may not be low enough to

produce optimal model performance. In this study, the optimum number of

features to be included in the model was determined manually after LSA. First, the

classifiers were trained with 20 features and their F-measure were assessed. The

number of features used to train the classifier was gradually increased until the

point where the performance started dropping. The number of features included

just before the performance dropped was considered as the optimum number of

features required to train the classifier.

3.3.2 Classification of Cervical Precancerous Lesions, Cancer and Other Cervical

Pathologies

Classification is the process of automatically assigning documents to predefined

target/outcome categories based on their features [20]. This can be achieved using

a rule-based or a learning approach. In a rule-based approach, a set of rules are

defined and integrated into an algorithm to classify records into specific categories.

The learning approach requires the algorithm to learn patterns from the data

through a training process and uses this knowledge to perform classification tasks

on future data. In cancer research, the rule-based approach is the preferred

approach of classification among clinicians. This involves manually defining the

logical rules that are used to classify documents into various categories. However,

this approach is time-consuming and requires the input of domain experts. On the

other hand, Machine Learning (ML) approaches reduce these efforts [17].

ML is a part of artificial intelligence where algorithms learn from data and make

predictions on new data without being explicitly programmed to do so [57].

Figure 3.4 displays the machine learning process.

25



methodology

Source:[65]

Figure 3.4: Machine Learning process

When dealing with narratives or free text, the algorithm is programmed to learn

the characteristics of documents and use them to classify records into specific

groups [17]. This can be achieved through supervised, unsupervised and

semi-supervised methods. Supervised machine learning is when the algorithm

learns with the help of a training dataset where the outcome or the targeted class

has been defined by humans i.e. a labelled dataset. The labels enable the algorithm

to learn from the important characteristics in each group and uses these

characteristics to classify new records under various groups. In contrast,

unsupervised machine learning algorithms are trained using an unlabelled dataset

(the outcome/target is not defined). The algorithm has to learn from

characteristics of the dataset and group records/observations with similar

characteristics together. Semi-supervised machine learning is a hybrid approach.

The training dataset is made up of both labelled and unlabelled records. This is

generally used when there is a large training dataset without labels. Labels are

assigned to a small portion of the dataset and both label and unlabelled records
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are used to train the algorithm and use in prediction [57].

The datasets provided by NHLS were made up of records with and without a

diagnosis in terms of cervical precancerous lesions, cancer and other cervical

pathologies. Therefore, the purpose of the classification at this stage was to assign

a diagnosis to records without a diagnosis. Unsupervised ML was inadequate as

some records had labels and there was no need to discover new groups in the

dataset. Semi-supervised ML was inadequate as well as the aim was not to

establish a classification system for future use but identify a classifier that will best

assign a diagnosis to the records lacking a diagnosis in the dataset. Thus,

supervised ML approach was used to achieve our classification goals at this point.

Supervised machine learning algorithms

There are many supervised ML algorithms that can be used for text classification.

The learning capacity of each algorithm varies with each dataset. Thus, it is

important to identify the algorithm which will provide a better fit for each dataset.

The performance of scikit-learn dummy, SVM, and RF classifiers were explored on

this dataset. Scikit-learn dummy classifier was used to assess the need for using

trivial classifiers like SVM and random forest. SVM is the most frequently used in

pathology studies [66]. On the other hand, RF is not frequently used in pathology

studies, however, it has been identified as a promising method for text

classification due to its simplicity and ability to handle high dimensional data [67].

Moreover, random forest algorithms are relatively faster to train and use in

prediction [68].

Scikit-learn dummy classifier

This is a baseline classifier in the sci-kit-learn library. It applies simple rules to

classify data points. For instance, the algorithm may always predict the class with

a higher proportion of records in the dataset. The performance of the dummy

classifier provides the baseline against which other classifiers can be
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compared [69]. The higher the performance of such classifiers, the less need to

implement trivial classifiers like SVM and RF.

Support vector machine

SVM classifier is one of the most popular machine learning algorithms. SVM solves

classification problems by creating a decision boundary (hyperplane) between two

categories in a multidimensional environment enabling the classification of

labelled vectors. It creates a hyperplane that is as far away as possible from the

closest data points (support vectors) in both categories [70].

Figure 3.5: Linear SVM model classifying red and blue

For instance:

Given a labelled training dataset:

(x1,y1), ..., (xn,yn), so that xi ∈ Rd and yi ∈ (−1,+1) (3.2)
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where

xi is a feature vector representation and

yi the class label (negative or positive) of a training compound i.

The optimal hyperplane can then be defined as:

wxT + b = 0 (3.3)

where w is the weight vector, x is the input feature vector, and b is the bias.

The w and b would satisfy the following inequalities for all elements of the training

set:

yi =


1, if wxTi + b > +1

−1, if wxTi + b 6 −1

(3.4)

Thus, we train the SVM model to find the w and b so that the hyperplane separates

the data and maximizes the margin 1 divided by the Euclidean distance squared

1/‖w‖2 (3.5)

Vectors xi for which |yi| (wxi
T + b = 1) will be termed support vector (Figure 4.6).

In cases where the categories are non-linear, an adequate kernel function is used

to add more dimensions to raw data and convert it to a linear problem prior to

classification using the SVM.

Random forest

RF is an ensemble classification approach i.e. classification by several basic

classifiers and combining their weighted output for decision making [71]. RF uses

a decision tree as the basic classifier. Decision tree algorithms process the data

using a tree-like structure for classification. It consists of internal nodes that are

made up of features, branches that are decisions (they depart from the nodes) and

leaves that represents the class. Thus, structured queries run from the root

creating internal nodes and branches based on predefined rules and ends with a
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classification outcome [60]. The accuracy of the decision tree algorithm decreases

with high dimensional data. But this can be improved by combining the output of

decision trees built using random features. This is applicable through a random

forest approach to classification where an object is independently classified by a

set of independent but identical decision trees with random vectors, each decision

tree cast a vote as to which class the object belongs to and this object is finally

classified in the class with the maximum votes [72]. This is illustrated in

Figure 4.7.

Figure 3.6: Random Forests

Source:[72]

Multiclass classifier

The records without diagnosis needed to be classified into three distinct groups

where one record can only belong to one pathology group. This is known as a

multiclass classification problem. Most baseline classification algorithms are

developed to solve binary classification problems i.e. classify records into two

classes. However, they can be extended to solve classification problems with more
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than two classes by using multiple binary classifiers. Each binary classifier is

trained to classify each class in the dataset independently and the class of a record

is determined through a voting system of all the binary classifiers [73]. This is

usually achieved by using OVO or OVA approach. In the OVO approach, binary

classifiers are trained for each pair of classes such that C*(C-1)/2 classifiers are

trained (C is the number of classes) and used for classification. On the other hand,

the OVA trains binary classifiers for each class, where the one class is considered as

the positive outcome and the remaining classes are considered as negative [73].

Hyperparameter optimisation

ML algorithms are made up of parameters and hyperparameters. Parameters are

internal characteristics of the classifiers whose values are estimated from the data

during the fitting process to reduce the algorithm error. In contrast to parameters,

hyperparameters control how the algorithm work and cannot be determined from

the data. They are considered as the settings of ML algorithms. For example, the

number of estimators in a random forest. Classifiers have default values for

hyperparameters [74]. Changing these default values can influence the

performance of the algorithm. Thus, finding the optimal values for the

hyperparameters can improve the predictive power of an ML algorithm [74].

Randomised search and Grid-search are two methods that are frequently used to

find the optimal hyperparameters of an ML algorithm. Randomised search

randomly selects a combination of hyperparameters in the provided grid to fit

models and provide optimal hyperparameters based on sample combination. On

the other hand, Grid-search identifies the optimal parameters of a model by

building several models with various parameters that lie within a grid. It trains

the model with a combination of all the parameters provided and assess the

output of each parameter combination using a cross-validation approach and/or

any other model scoring metrics. Grid-search is computationally expensive

compared to randomised search and cannot be used to optimise all

parameters [74].
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Preparation of the training and testing set

The pre-processed data was split into training and test sets using stratified

sampling. The training set included 80% (n=12, 608)of the labelled dataset while

the test set included 20% (n=3, 152). Stratified sampling was to ensure a similar

distribution of all the pathology groups in the training and the test set.

Machine learning algorithm training process

OVO and OVA algorithm with its default hyperparameters were trained and

evaluated using the train and test dataset respectively. The performance of each

algorithm was evaluated using recall, precision and F-measure. Random search to

maximize the F-measure with 50 iterations and 5-folds cross-validation was used

to identify regions where the algorithm performed well. Subsequently, values

provided from the randomised search and their neighbouring values were used in

a grid-search to maximize the F-measure that identifies optimal hyperparameters

of the algorithm. The list of hyperparameters that were optimised are summarised

in Table 3.2.
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Table 3.2: Hyperparameters optimised

ML Algorithm Hyperparameter Description

SVM

C Penalty parameter C of the error term

Kernel Specifies the kernel type to be used in

the algorithm.

gamma Kernel coefficient.

degree Degree of the polynomial kernel

function.

Random Forest

n_estimators Number of trees in the forest

max_depth The maximum number of levels in

each decision tree.

max_features Maximum number of features

considered for splitting a node

min_sample_leaf Minimum number of data points

allowed in a leaf node

min_sample_split The minimum number of data points

placed in a node before the node is

split.

bootstrap Method for sampling data points

(with or without replacement)
Source: scikit-learn documentation

ML algorithms with the optimum hyperparameters were trained and evaluated.

3.3.3 Performance Evaluation

ML involves programming an algorithm to learn from existing data to make

predictions on new data without being explicitly programmed [57]. Performance
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evaluation measures are used to assess how well an ML algorithm has learned

from the data. This involves passing new dataset through the algorithm after

training it to predict the class to which it belongs. The predicted classes are

compared with the actual classes of all test records and various measures are

computed to provide the overall performance of the model. In this study,

precision, recall and the F-measure were used to determine the performance of the

text classifier. Based on a binary outcome where there are usually two classes for

the outcome (positive or negative) these measures are defined and computed as

follows:

1. Precision also is known as the positive predictive value, is the proportion of

true positives given by the classifier.

Precision =
TP

TP+ FP
(3.6)

2. Recall also referred to as the true positive rate or sensitivity, is used to

measure the percentage of actual positives which are correctly identified by

the classifier.

Recall =
TP

TP+ FN
(3.7)

3. F-measure or specificity is the harmonic mean of precision and recall.

F−measure =
2× (Precision× Recall)

Precision+ Recall
(3.8)

In a multiclass problem, the precision, recall and F-measure are calculated for each

class (one class against all).

Figure 3.7 shows an example of how TP, FP, TN, FN when computing the above

measures for one class in a multiclass classification. The average score for all classes

is reported as the overall performance of the model. This can be a micro average

or macro average depending on how the data is skewed. The micro average adjusts

for the proportion of each class in the testing set while the macro average does not.
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Figure 3.7: Example of TP, TN, FP, and FN when computing precision, recall and F-measure
for one class (cancer) in a multiclass classification

A confusion matrix (3 by 3) was generated. The values provided by the confusion

matrix were used to compute various performance measures for each class and

macro averages given that the classes in the testing set were relatively balanced.

3.3.4 Qualitative Evaluation of the Classification Error

Some records misclassified by the best classifier were reviewed to understand the

possible cause of misclassification by the algorithm.

3.3.5 Application

The ML algorithm with the best F-measure was used to classify all the records into

cervical precancerous lesions, cervical cancer and other cervical pathologies. All

records classified as other cervical pathologies were excluded from the analysis.

3.3.6 Classification of Other Pathologies

Word/phrase matching was used to further identify cervical precancerous lesions

grades and cancer types after classification in records that were classified as

cervical precancerous lesions and cervical cancer respectively. The HPV, HIV and

schistosomiasis status of each record was also extracted using the same approach.

Some records were explored to identify terminologies used by pathologists to

report on these pathologies. Terms and patterns used to report positive and
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negative cases were identified and integrated into regular expressions to extract

information on all pathologies of interest.

Classification of precancerous lesions grade

A subset of the dataset made up of records classified as precancerous lesions by

the ML algorithm was generated. Regular expressions were used to identify all

cases of CIN3 and 2 as well as records with high grade squamous intraepithelial

lesion. These records were kept as a separate dataset and removed from the main

dataset with all precancerous lesions cases. Subsequently, CIN1 and Low grade

squamous intraepithelial lesion were also extracted and stored in a separate

dataset. Approximately 10% of the remaining records were reviewed manually.

Based on the findings of the manual review process these records were classified

as having an unknown precancerous lesions grade. All the datasets created were

appended to recreate the initial dataset with a column to identify the precancerous

lesion grade.

Classification of cancer types

A subset of the dataset made up of cancer records classified by the ML algorithm

was generated. Regular expressions were used to identify the most common

cancers in the cervical region (squamous cells carcinoma, adenocarcinoma and

adenosquamous carcinoma). Any other record with the pattern specified in

regular expressions was classified as other cancers.

Classification of HIV status

The HIV status of all records was classified using regular expressions where

negative records were classified first, followed by positive records and records

without any term related to HIV were classified as unknown HIV status.
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Classification of HPV status

A look-up approach was used to identify the records that referred to any term

related to HPV (hpv and papillo). 10% of the records with the term HPV were reviewed

to identify any negative reporting on HPV. Terms and patterns used by pathologists

to denote positive and negative HPV were used in a regular expression to assign HPV

status filtered records. Records without any term related to HPV were given an

“unknown” HPV status.

Classification of schistosomiasis status

Like the approach used to extract HPV status from records, regular expressions

were used to find all records with terms related to schistosomiasis (schisto, bilha,

katayama, and snail). These records were separated from the main dataset. Regular

expressions were used to further classify schistosomiasis cases into positive and

negative cases before appending with the records remaining from the main dataset.

Any record without any term related to schistosomiasis was classified as having an

“unknown” schistosomiasis status.

3.4 data management

At each stage of the information extraction process, various datasets were

produced. These datasets were stored in separate tables in a PostgreSQL 12

database. All relevant fields from various tables were merged to generate a

structured dataset from which patterns could be explored using the statistical

methods. At the end of the process, eight tables were created in the database and

include; (appended dataset, cleaned text, classification of cancer, pre-cancer and

other pathologies, schistosomiasis, HPV and HIV status, CIN level, cancer types and

the structured dataset)
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3.5 data analysis

Descriptive statistics using frequencies and proportions were used to describe the

study population and the distribution pathologies of interest. The distribution of

records with of HPV, Schistosomiasis and HIV related terms were also explored. A

within group analysis was done to describe patterns in each group taking into

account the group size.

Furthermore, records with cervical precancerous lesions or cancer with known

schistosomiasis status were used to describe the prevalence of schistosomiasis in

this population. The age distribution of patients with and without schistosomiasis

was assessed using a density plot. The hypothesis on the effect of schistosomiasis

on the age at cervical precancerous lesions and cervical cancer diagnosis was

tested using an independent t-test.

A sensitivity analysis was conducted to validate the findings of the analysis

described above. In this analysis, it was assumed that patients with an unknown

schistosomiasis status were schistosomiasis negative.

3.6 ethical considerations

Ethical approval was obtained from the University of Witwatersrand Human

Research Ethics Committee (clearance certificate number M181160) (Appendix D).

Approval to access data from NHLS CDW was also obtained from the academic

affairs and research department at NHLS (Appendix E). The data provided

by NHLS contained identifiable patients’ information. As such, the following

measures will be put in place to ensure that the confidentiality of patients is

maintained:
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• The researcher’s laptop was configured to NHLS security standards and all

the security parameters checked and administered by the NHLS information

technology support team.

• The computer of the primary investigator had password protection and could

not be accessed by any unauthorised person.

• After the text-mining process, patients’ identifiable information was removed

from the structured dataset.

3.7 conclusion

This section of the report described study population, the methods applied to

extract and analyse information from cervical histology reports. The text-mining

process included pre-processing, feature extractions and selections, algorithm

training, hyperparameter optimisations, performance evaluation and word phrase

matching. While the data analysis process included descriptive statistics and

hypothesis testing. The next chapter will present the results from the methods

discussed in this chapter.
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R E S U LT S

4.1 introduction

Chapter 4 presents the results of the text-mining process and the data analysis.

It provides a description of the population in the dataset provided by NHLS as

well as pre-processing and classification results. It also presents the prevalence of

schistosomiasis in women with cervical precancerous lesions and cancer and tests

the association between schistosomiasis and age at precancerous lesions and cancer

diagnosis.

4.2 description of the study population

The final dataset used for this analysis was obtained by appending and cleaning

four different datasets provided by NHLS. It consisted of 31, 568 reports from

histology samples analysed at Albert Luthuli Hospital from 2011 to 2017. After

excluding records with little or no information on the detailed results column

(n=52), the number of records reduced to 31, 516. Approximately 95.08%

(n=28, 326) of patients had one histology sample while 4.92% (n=1, 467) had two or

more histology samples in the dataset.

The number of reports from histology samples increased with time, except in 2013

where there was a decline compared to the previous year (Figure 4.1).
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Figure 4.1: Distribution of reports by year

Black Africans were the most dominant population in the dataset constituting

76.68% (n=24, 166) of all patients. They were followed by Indians 1.88% (n=598),

Coloured 1.10% (n=348), Whites 0.27% (n=85), and Asians 0.17% (n=53), (Figure

4.2). Those with a missing race contributed to 19.90% (n=6, 273) of the population

in the dataset.
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Figure 4.2: Distribution of records by race

Pathologists captured patients ages in 31.03% (n=9, 779) of the detailed histology

report. Besides the age captured by pathologists, 89.20% (n=28, 115) of the date of

birth variable had dates of birth which were used to calculate patients age. After

combining both sources of patients age, 91.84% (n=28, 945) of records had an age.

The age for the remaining 8.16% (n=2, 571) could not be determined. Patients were

aged between 11 to 95 years old with a median age of 41 years (IQR=34;51).

Of the 31, 516 records, only 50% (15, 760) had a diagnosis in terms of pre-cancer,

cancer and/other pathologies. Figure 4.3 shows the distribution of records by the

pathology group. A higher proportion of labelled records belong to patients with

pre-cancerous lesions (n=6, 272), followed by cancer patients (n=5402) and other

pathologies (n=4086).
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Figure 4.3: Distribution of labelled records by pathology group

4.3 text pre-processing results

Figure 4.4a illustrates a partial view of the content of all histology reports before

pre-processing. The font size of words increased with an increase in the frequency

of occurrence in the corpus. For instance, the phrase “HISTOPATHOLOGY

REPORT” is the most dominant phrase before text pre-processing. This is because

most reports start with that heading. Laboratory names and addresses were also

dominant in the histology report before cleaning. The length of these reports

ranged from 31 to 607 words. Among records with labels, the median length of

reports was 100, 102 and 138 for other pathologies, cancer and precancerous

lesions respectively. All three pathology groups had a similar distribution of

report length with most records having less than 900 characters.
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a

Figure 4.4: Overview of histology reports before and after pre-processing
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Following text pre-processing, words in relation to the description of the histology

samples such as “biopsy”, “cervix”, “lletz” became more dominant (Figure 4.4b).

There was a considerable reduction in the length of the report after pre-processing.

The pre-processed reports length ranged from 15 to 378 characters, with a median

of 65, 64 and 68 for other pathologies, cancer and precancerous lesions respectively.

The word count of most reports was reduced by approximately 35%. This reduction

rate was consistent across all pathology groups (Figure 4.5).

Figure 4.5: Word percentage reduction

4.4 feature extraction and selection results

A total of 50, 672 features made up of uni-gram and bigrams were generated from

the cleaned histology reports. However, the model only required 60 features to

perform at an optimum level.
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4.5 evaluation of machine learning algorithms results

4.5.1 Dummy Classifier Compared to Selected OVO Algorithms

The performance of the dummy classifier, SVM OVO and Random forest OVO is

displayed in Table 4.1 below. With an F-measure of 0.339, the dummy classifier

performed poorly compared to the other two classifiers. SVM OVO was the best

performing classifier with F-measure=0.921.

Table 4.1: Performance of Dummy classifier and OVO classifiers

ML Algorithm Precision Recall F-measure

SVM OVO 0.926 0.918 0.921

RF OVO 0.917 0.917 0.917

Dummy 0.339 0.339 0.339

4.5.2 OVO Compared to OVA Algorithms

Table 4.2 compares the performance of OVO and OVA versions of evaluated

machine learning algorithms. RF OVA had the best precision, recall and F-measure

in the classification of pathology reports into their three main groups

(precancerous lesions, cancer and other cervical pathology). On the other

hand, RF OVO was the algorithm with the least performance measures.

Table 4.2: Performance of the model OVO and OVA ML algorithms

OVO OVA

ML Algorithm Precision Recall F-measure Precision Recall F-measure

RF 0.917 0.917 0.917 0.925 0.922 0.924

SVM 0.926 0.918 0.921 0.923 0.919 0.921
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The precision of the SVM OVO (0.926) was slightly better than that of SVM OVA

(0.923), while the recall of SVM OVA (0.919) was slightly better than that of SVM OVO

(0.918). However, there was no difference in their F-measures (0.921)

4.5.3 Hyperparameter Optimisation

Support Vector Machine

Figure 4.6a and Figure 4.6b show the confusion matrix of the SVM OVO before

and after optimisation respectively. The number of records accurately classified

increases with hyperparameter optimisation. For instance, the number of records

accurately classified as other cervical pathologies in the test set increased from 717

before optimisation to 753 after optimisation.

a
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b

Figure 4.6: SVM confusion matrix before and after optimisation

This increase lead to an improved overall F-measure and pathology group specific

F-measure (Table 4.3).

Table 4.3: F-Measure of SVM for each category before and after optimisation

F-measure

Before optimization After optimisation Percentage increase

other 0.901 0.929 2.09%

pre-cancer 0.920 0.936 2.52%

cancer 0.943 0.959 1.91%

Overall 0.921 0.942 2.28%

There was an overall 2.28% increase in performance of OVO SVM algorithm after

optimisation. The percentage increase varied from 1.91% to 2.52% in various

pathology groups. The highest improvement was in the classification of

precancerous lesions while the lowest was among cancer records.
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Random forest OVA

Figure 4.7a and Figure 4.7b show the confusion matrix of the Random Forest OVA

before and after optimisation respectively.

a

b

Figure 4.7: RF confusion matrix before and after optimisation
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Like in SVM OVO, the number of records correctly classified increased with

hyperparameter optimisation which lead to an improved overall F-measure and

pathology group-specific F-measure (Table 4.4).

Table 4.4: F-Measure of RF for each category before and after optimisation

F-measure

Before optimization After optimisation Percentage increase

other 0.905 0.920 1.66%

pre-cancer 0.918 0.932 1.52%

cancer 0.947 0.953 0.6%

Overall 0.924 0.935 1.19%

Compared to SVM OVO, the performance improvements observed after

hyperparameter optimisation RF OVA were relatively lower. There was an overall

1.19% increase in the performance of RF OVA after optimisation. The percentage

increase varied from 0.6% to 1.66% in various pathology groups. The highest

improvement was in the classification of other cervical pathologies records while

the lowest was among cancer records.

4.5.4 Comparison of Optimised ML algorithms

Table 4.5 shows the precision, recall and F-measure of optimised algorithms. The

performance of the SVM OVO was 0.5% higher than that of RF OVA.

Table 4.5: Comparison of optimised algorithms

ML algorithm Precision Recall F-Measure

SVM 0.944 0.940 0.942

RF 0.936 0.934 0.935
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4.5.5 Qualitative Evaluation of the Classification Error

A review of some records misclassified by SVM OVO showed that misclassification

could be as a result of the two major issues.

Firstly, some histology reports were describing more than one pathology. In

certain reports, the pathologist may have discussed the presence of cervical

precancerous lesions and cervical cancer and assigned the SNOMED-CT

corresponding the cervical cancer. However, the classifier may classify this as a

record with a precancerous lesion.

Secondly, the inconsistent use of SNOMED-CTs across pathologies could have also

led to misclassification of records. Certain SNOMED-CTs were used to describe both

cervical precancerous lesions and certain cancer. Some SNOMED-CT used to indicate

certain cancers were also used to indicate carcinoma in-situ which is a precancerous

lesion.

4.6 distribution of pathologies after classification and

word/phrase matching

Figure 4.8 shows the distribution of pathologies in the records after classification

and word/phrase matching. After classification, the number of pre-cancer records

increased by 11, 635. The number of cancers increased by 250 and other pathologies

increased by 3, 871.
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Figure 4.8: Distribution of all pathologies after classification and word/phrase matching

Patients with pre-cancers contributed to 56.82% (n=17, 907) of the dataset while

cancer patients and patients with other pathologies contributed to 17.93% (n=5, 652)

and 25.25% (n=7, 957) respectively (Figure 4.9).
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Figure 4.9: Distribution of pre-cancer, cancer and other pathologies

HSIL was the most common type of pre-cancer in the dataset (86.61%, n=15, 133)

while LSIL was least common (17.93%, n=636). An additional 1, 762 (9.84%) records

had pre-cancer however, they were not graded. This is referred to as the

“UNKNOWN” category in Figure 4.10.

Figure 4.10: Distribution of precancerous lesions grade

Figure 4.11 shows the distribution of cancer types. The most common type of

cancer was squamous cell carcinoma (78.59%, n=4, 442), followed by

adenocarcinoma (10.49%, n=593), other cancers (9.78%, n=553) and

adenosquamous carcinoma (1.13%, n=64).
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Figure 4.11: Distribution of cancer type

4.7 word/phrase matching hpv results

HPV related terms were found in 58.02% (n=13, 668) of the 23, 559 records with

cervical precancerous lesions or cancer. There was an increase in the proportion

of records with HPV terms over the years (Figure 4.12). The proportion of records

with HPV terms increased from 44.03% (n=557) in 2011 to 66.16% (n=5, 290) in 2017.

Figure 4.12: Proportion of records with HPV related terms by year
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Table 4.6 shows the distribution of records with HPV terms by age group, race, and

pathology group. HPV terms were mostly found among patients between the ages

of 15 and 44 years old (65.34% to 76.52%). They were less present in records

belonging to patients who were 55 years or older.

HPV related terms were mostly found in records belonging to black patients

(58.49%). They were followed by patients with a missing race (57.66%) and

coloureds (57.03%). Thirty-six percent (36.36%) of records belonging to whites

patients had HPV related terms.

HPV terms were mostly found in pre-cancer records (74.81%) and least found in

cancer records (4.81%). HPV related terms were found in 90.41% of LSIL records..

Table 4.6: Distribution of HPV related terms

Records with HPV terms

No. % Total

Age group

<15 3 60.00% 5

15-24 352 76.52% 460

25-34 3, 960 73.33% 5, 400

35-44 5, 200 65.34% 7, 958

45-54 2, 173 51.25% 4, 24

55+ 1, 002 27.36% 3, 662

Race

African 10, 743 58.49% 18, 367

Asian 13 46.43% 28

Coloured 150 57.03% 263

Indian 114 39.58% 288

White 20 36.36% 55
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Table 4.6: Distribution of HPV related terms

Records with HPV terms

No. % Total

Missing 2, 628 57.66% 4, 558

Pre-cancer 13, 396 74.81% 17, 907

HSIL 11, 991 77.32% 15, 509

LSIL 575 90.41% 636

Unknown 830 47.11% 1, 762

Cancer 272 4.81% 5, 652

Squamous cell 240 5.40% 4, 442

Adenocarcinoma 16 2.70% 593

Adenosquamous 1 1.56% 64

Other 15 2.71% 553

4.8 word/phrase matching schistosomiasis results

Schistosomiasis related terms were found in only 5.58% (n=1, 315) of all

precancerous lesion and cancer records. Figure 4.13 shows the pattern of

schistosomiasis terms in pre-cancer and cancer records over time. The proportion

of records with schistosomiasis terms drops from 3.48% to 2.25% between 2011

and 2013. It gradually increases from 2014 and reached its peak at 8.96% in 2016,

and drops to 5.46% in 2017.
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Figure 4.13: Proportion of records with schistosomiasis related terms by year

Table 4.7 shows the distribution of records with schistosomiasis related terms by

age group, race, and pathology groups.

Table 4.7: Distribution of schistosomiasis related terms

Records with schistosomiasis terms

No. % Total

Age group

<15 0 0.00% 5

15-24 22 4.78% 460

25-34 356 6.59% 5, 400

35-44 507 6.37% 7, 958

45-54 230 5.42% 4, 240

55+ 154 4.21% 3, 662

Race

African 1, 075 5.85% 18, 367

Asian 1 3.57% 28

Coloured 20 7.60% 263
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Table 4.7: Distribution of schistosomiasis related terms

Records with schistosomiasis terms

No. % Total

Indian 6 2.08% 288

White 1 1.82% 55

Missing 212 4.65% 4, 558

Pre-cancer 1, 084 6.05% 17, 907

HSIL 907 5.85% 15, 509

LSIL 114 17.92% 636

Unknown 63 3.58% 1, 762

Cancer 231 4.09% 5, 652

Squamous cell 190 4.28% 4, 442

Adenocarcinoma 21 3.54% 593

Adenosquamous 2 3.13% 64

Other 18 3.25% 553

HPV status

Negative 7 70.00% 10

Positive 1, 031 7.55% 13, 658

Unknown 277 2.80% 9, 891

The proportion of records with schistosomiasis terms varies from 0% to 6.59% in

various age groups. The lowest proportion was observed among patients who

were less than 15 years old, while the highest was among patients aged between

25 and 34 years.

Schistosomiasis related words were mostly found among records belonging to

coloured patients (7.6%), followed by records belonging to black patients (5.85%).
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Few records from white patients had schistosomiasis terms (1.82%).

Approximately 6% of Precancerous lesion records had schistosomiasis related

terms. These terms were found in 4.09% of cancer records. Among cervical

precancerous lesions records, schistosomiasis terms were mostly found in LSIL

(17.92%).

The reporting patterns of positive and negative cases among patients with

schistosomiasis status changed over the years. These changes are illustrated in

figure 4.14. The number of records with schistosomiasis positive terms increases

from 44 in 2011 to 74 in 2012. There is little variation in this number between 2013

and 2016 (62 to 79). This number of records with schistosomiasis positive terms

increases to 107 in 2017. On the other hand, the number of records with a negative

schistosomiasis status varies between 0 and 2 between 2011 and 2013. This number

increases to 86 by 2014 and continuously increase until it reaches its peak of 302 in

2016 and drops to 182 in 2017.

Figure 4.14: Distribution of schistosomiasis status over time
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4.9 patterns of schistosomiasis in women with precancerous

lesions and cervical cancer diagnosis

The patterns of schistosomiasis in women with cervical precancerous lesions and

cancer status were based on a population restricted to those with a known

schistosomiasis status. Figure 4.15 shows the process used to select records for this

analysis.

Figure 4.15: Selection of cases for schistosomiasis and age at diagnosis analysis

Out of the 23, 559 records with pre-cancer and cancer, 22, 244 records were excluded

because they did not have a known schistosomiasis status. Thus, the analysis on the

relationship between schistosomiasis and age at precancerous lesion and cancer

diagnosis was based on 1, 315 records (1, 084 pre-cancer records and 231 cancer

records). This population is made up of 81.75% (n=1, 075) Africans, 16% (n=212)

undefined race, 1.52% (n=20) coloured, Indians 0.46% (n=6), Asians 0.08% (n=1),

and white 0.08% (n=1).
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4.9.1 Yearly Prevalence of Schistosomiasis Among Women with Cervical Precancerous

Lesions/Cancer

In total, 518 women with cervical precancerous lesions or cancer were diagnosed

with schistosomiasis at Inkosi Albert Luthuli hospital from 2011 to 2017. The

overall prevalence of schistosomiasis among women with cervical precancerous

lesions, cancer and schistosomiasis status was 39.42%. Figure 4.16 shows the

prevalence of schistosomiasis in this population over the years. There is an

apparent reduction in the prevalence of schistosomiasis over the years. In 2011 the

prevalence of schistosomiasis in women with cervical precancerous lesions, cancer

and schistosomiasis was 100%. This reduced to 20.11% in 2016 and subsequently

increased to 37.02% in 2017.

Figure 4.16: Prevalence of schistosomiasis in pre-cancer and cervical cancer patients over
time

4.9.2 Prevalence of Schistosomiasis Among Women with Cervical Precancerous Lesions

Pre-cancer patients had a schistosomiasis prevalence of 42.87% (464). This

prevalence was highest in patients with ungraded pre-cancers (58.70%; n=54) and
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lowest in patients with LSIL (13.16% n=15). The prevalence of schistosomiasis was

44.99% (395) among patients with HSIL (Table 4.8).

Table 4.8: Prevalence of schistosomiasis in women with cervical precancerous lesions

Pathology
Schistosomiasis

No. % Total

Pre-cancer 464 42.80% 1, 084

HSIL 405 44.65% 907

LSIL 15 13.16% 114

Unknown 44 69.84% 63

4.9.3 Prevalence of Schistosomiasis Among Women with Cervical Cancer

The prevalence of schistosomiasis in cancer patients was 23.38% (n=54). Patients

with adenocarcinoma had the highest prevalence of 33.33% (n=7). They were

followed by patients with squamous cell carcinoma with a prevalence of 23.16%

(n=44). Other cancers had a schistosomiasis prevalence of 16.67% (n=3). Neither of

the two patients with adenosquamous carcinoma tested positive for

schistosomiasis (Table 4.9).

Table 4.9: Prevalence of schistosomiasis in women with cervical cancer

Pathology
Schistosomiasis

No. % Total

Cancer 54 23.38% 231

Squamous cell 44 23.16% 190

Adenocarcinoma 7 33.33% 21

Adenosquamous 0 0.00% 2

Other 3 16.67% 18
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4.9.4 Distribution of Age at Precancerous Lesion and Cervical Cancer Diagnosis

Figure 4.17 shows the density distribution plot of patients’ age at pre-cancer and

cervical cancer diagnosis. A high proportion of precancerous lesion cases are

diagnosed at around 35 years while most cancer patients are diagnosed at

approximately 44 years.

Figure 4.17: Distribution of pathologies by age at diagnosis

4.9.5 Relationship Between Schistosomiasis and Age at Precancerous Lesions Diagnosis

Figure 4.18 shows the distribution of age at pre-cancer by schistosomiasis status.

The peak age at pre-cancer diagnosis in patients who are positive to schistosomiasis

is approximately 34 years. On the other hand, the peak age at pre-cancer diagnosis

in schistosomiasis negative women is 2 years later than those with schistosomiasis

i.e. 36 years.
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Figure 4.18: Distribution of age at pre-cancer diagnosis by schistosomiasis status

The mean age at precancerous lesion diagnosis in schistosomiasis positive patients

was 38 ± 9.46 years while that of schistosomiasis negative patients was 40 ± 9.86

years. There is a two-year difference on the mean age at cervical precancerous lesion

diagnosis between schistosomiasis positive and schistosomiasis negative patients.

This difference is statistically significant (p<0.001).

4.9.6 Relationship Between Schistosomiasis and Age at Cancer Diagnosis

Figure 4.19 shows the distribution of age at cancer by schistosomiasis status. The

peak age at cancer diagnosis in patients who are positive to schistosomiasis is

approximately 39 years. The peak age at cancer diagnosis in schistosomiasis

negative is approximately 46 years.
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Figure 4.19: Distribution of age at cancer diagnosis by schistosomiasis status

The mean age at cancer diagnosis in schistosomiasis positive patients was 45 ±

13.70 years while that of schistosomiasis negative patients was 50 ± 13.78 years.

There is a significant mean age difference of five years at cancer diagnosis between

schistosomiasis positive and schistosomiasis negative patients (p=0.021).

4.9.7 Results of the sensitivity analysis

The sensitivity analysis was based on the assumption that women without any

schistosomiasis related terms in the histology report are schistosomiasis negative.

Under this assumption, there was a significant drop in the prevalence of

schistosomiasis. It was 2.2% among women with cervical precancerous lesions and

cancer. Women with cervical precancerous lesions had a schistosomiasis

prevalence of 2.59% (n=464) while this prevalence was only 0.96% among women

with cervical cancer.

There was no statistically significant difference in the age at cervical precancerous

diagnosis (p=0.8941) and cervical cancer diagnosis (p=0.3027) between the

negatives included for the main analysis and the patients with an "unknown"
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schistosomiasis status added as negative cases in the sensitivity analysis. There

was a slight reduction on the peak age at cervical precancerous lesion and cancer

diagnosis in schistosomiasis negative patients. However, the average age at

cervical precancerous lesion diagnosis did not change in this population. The

difference of 2 years in age at cervical precancerous lesion diagnosis between

schistosomiasis negative and schistosomiasis positive patients was statistically

significant (p=0.001). On the other hand, the mean age at cancer diagnosis slightly

increased from 50 years to 51 years in patients. This led to a statically significant

difference (p=0.0020) of 6 years between the schistosomiasis negative and

schistosomiasis positive patients. See Appendix F for detailed results on the

sensitivity analysis.

4.10 conclusion

This chapter presented the findings of the text-mining techniques and data

analysis described in Chapter 3.

The interpretation of these results will be discussed in the next chapter.
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5
D I S C U S S I O N

5.1 introduction

This chapter presents the discussion and limitations of the findings presented in

the previous chapter. It includes the interpretation of the classification results, the

word/phrase matching results of HPV and schistosomiasis, the hypothesis testing

results as well as the limitations in the interpretation of such results.

The aim of this study was to investigate the presence of cervical schistosomiasis in

patients with cervical cancer and precancerous lesions using text-mining

techniques on pathology reports available at the NHLS. RF OVA performed better

than SVM OVO in the classification of pathology reports into cervical precancerous

lesions, cancer and other cervical pathologies before hyperparameter optimisation.

However, SVM OVO outperformed RF after hyperparameter optimisation, making it

the best classifier for this task.

Descriptive statistics showed that HPV related words were found in 52.08% of all

cervical precancerous lesions and cancer patients, while schistosomiasis related

terms were only present in approximately 5% of all cervical precancerous lesions

and cancer patients. Assuming that records without schistosomiasis related terms

were negative schistosomiasis cases, the prevalence of schistosomiasis was 2.2%

and 0.96% among women with cervical precancerous lesions and cancer

respectively. However, the prevalence was 42.87% in precancerous lesions and

23.38% in cervical cancer when records without a known schistosomiasis status

are excluded. Moreover, the age at diagnosis of cervical precancerous lesions and

cancer in the population with schistosomiasis was 38 ± 9.46 and 45 ± 13.70 years
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respectively, while that in the schistosomiasis negative population was 40 ± 9.86

and 50 ± 13.78 years respectively. This suggests that patients with schistosomiasis

may develop cervical pre-cancerous lesions and cancer 2 and 5 years earlier than

patients without schistosomiasis respectively.

Text-mining techniques (NLP and ML) accurately classified 93.5% to 94.2% of

histology records into cervical precancerous lesions, cancer and other cervical

pathologies. Subsequently, word phrase matching (another text-mining technique)

enabled the classification of precancerous lesion grades, cervical cancer type as

well as schistosomiasis and HPV status in a shorter time frame compared to a

human coder. Training algorithms to classify records into cervical precancerous

lesions, cancer and other cervical pathologies increased the sample size for this

study as records without diagnosis were assigned a diagnosis using the trained

algorithm. Using this approach enabled this study to include a high number of

observations compared to other studies that explored the relationship between

cervical schistosomiasis, cervical precancerous lesions and cancer. Before, this

study, the largest sample size used to explore this relationship was made up of

4, 520 cervical cancer records. It was a retrospective study conducted at the cancer

registry in Tanzania [8]. Pathologists reviewed records of patients with cervical

cancer from 1980 to 1990 and tested histology samples when available. This

method focusses only on records that were correctly labelled as having cervical

cancer. Thus, excluding records which are not labelled. Moreover, the manual

review of records is time-consuming and might take years to generate a large

dataset for analysis. Applying text-mining techniques enabled the identification of

an additional 11, 635 cervical precancerous lesions cases and 250 cervical cancer

cases which would have been omitted if we relied on labels provided by the

pathologists. Moreover, text-mining enabled the description of cervical

schistosomiasis patterns in 17, 907 cervical precancerous lesions and 5, 652 cervical

cancer cases. However, schistosomiasis related terms were only found in 5%

(n=1, 315) of cervical precancerous lesions and cancer.
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5.2 evaluation of text-mining techniques

The dummy classifier was only able to correctly classify 33.9% of cervical

pathology report into cervical precancerous lesions, cancer and other cervical. This

is because it does not use features for classification and uses a prediction process

similar to guessing. Thus, showing the need to use trivial classifiers such as SVM

and RF on this data.

Overall, SVM and RF classifiers performed well in the classification cervical

pathology reports into cervical precancerous lesions, cancer and other cervical

pathologies. They were able to classify more than 91% of records accurately. The

performance of the SVM OVO and SVM OVA classifiers were the same. On the other

hand, random forest OVA classifier outperformed the random forest OVO classifier

in all evaluation metrics. This is similar to findings reported by Adnan MN and

Islam MZ [75]. They conducted an experiment comparing the accuracy of random

forest OVO classifier with random forest OVA classifier. In eight out of ten datasets,

random forest OVA classifier performed better than random forest OVO yielding an

average accuracy of 83.19% for random forest OVA classifier compared to 79.46%

in for random forest OVO classifier.

Prior to hyperparameter optimisation, RF OVA had a better accuracy

compared SVM OVO. However, optimisation improved the performance

of SVM OVO so that it outperformed the optimised RF OVA. SVM OVO accurately

classified 94.2% of records into cervical precancerous lesions, cancer and other

cervical pathologies. Thus, SVM OVO classified records with an overall error rate of

5.8%. The performance in this study is higher than the SVM performance on the

morphology classification of pathology reports in France [48]. This difference

could be associated with the size of the training dataset used by both studies. The

training set used in [48] was relatively lower compared to the training set used in

this study.
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The classification errors observed in the records classified by SVM OVO could be

associated with discussing of multiple pathologies in one report and the

inconsistent use of SNOMED-CTs across pathologies observed. The errors due to

multiple pathologies being discussed is a single report is an indication that there

is a need to develop models that can effectively classify a record in more than one

class. This is known as multi-label classification.

The inconsistent use of SNOMED-CTs across pathologies observed in this study may

have a negative impact on research and patients’ health. Routinely collected data

are often used for research, policy making, etc. If conclusions from these processes

are made based on erroneous information, it might lead to health decisions that

do not reflect the need of patients. Thus, negatively affecting patients care.

Moreover, certain pathologists may rely on SNOMED-CTs to determine the

treatment plan of the patient. As such inadequate treatment may be provided due

to the use of inadequate SNOMED-CTs increasing the incidence rate of precancerous

lesions and cancer.

5.3 hpv reporting rates in cervical precancerous lesions and

cancer

HPV terms were only found in 58.02% of all pre-cancer and cancer records. This is

an indication that HPV was only reported in 58.02% of pre-cancerous lesions and

cervical cancer from 2011 to 2017. There was no clear reason in literature on

screening policies that explained the steady increase in HPV reporting rates

between 2011 and 2016 at Inkosi Albert Luthuli Hospital. However, the peak

increase observed in 2017 (66.16%) could be associated with the introduction of

the HPV Deoxyribonucleic Acid (DNA) test in public hospitals in 2017. HPV testing

was not offered in the public sector before 2017 despite several proposals made by

academics to include HPV DNA in cervical cancer screening [76, 77].

Vijayaraghavan A. et al. simulated the impact and cost of screening and treatment

on the natural history of cervical cancer using a lifetime Markov Monte Carlo

70



discussion

simulation model [78]. They found that HPV testing was a cost-effective option for

cervical cancer screening and prevention in South Africa [78]. Subsequently, the

South African HPV Advisory Board updated its cervical cancer screening

guidelines in 2010. In this update, they proposed three HPV based cervical

precancerous lesions and cancer screening methods. However, the HPV test was

only introduced in South Africa’s public hospitals in 2017 [77]. This led to an

increase in the proportion of people tested for and reporting on HPV.

Although HPV has been associated with cervical pre-cancerous lesions and cervical

cancer, this study suggests that pathologists put more effort to report HPV status

in cervical precancerous lesions than cervical cancer. The overall HPV reporting

rates in precancerous lesions was 15 times higher than HPV reporting rates in

cervical cancer. This could be explained by that fact that HPV status in

precancerous lesions are expected to clear with no treatment in LSIL and adequate

treatment in HSIL [79]. As such, pathologists might be more likely to report

the HPV status at diagnosis as this will be an important marker needed to assess

the treatment outcome of precancerous lesions over time. However, in cervical

cancer, treatment outcomes are mostly assessed by the progression or regression

of the tumour and little attention may be given to the changes in HPV status

overtime. Thus, HPV is not reported in this population.

The reporting rates of HPV among cervical cancer patients in this study was 6

times lower than that reported in Belgium for the year 2013 to 2014. In their 2017

annual report, the Belgian government reported an HPV testing rate in cervical

cancer of 29% for the 2013-2014 year [80], while this study found an HPV testing

rate of only 4.81% for the 2011-2017 period. This difference could be as a result of

low reporting rates of HPV status in the records used for this analysis and/or

limited resources for HPV screening in developing countries compared to

developed countries [5, 25]. Nonetheless, the HPV reporting rates are still low in

both studies. There is increasing evidence that shows that there is a considerable

proportion of non- HPV related cervical cancers. This varies between 7% and 15%
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worldwide [81–84]. Cervical cancers that are not related to HPV are often more

aggressive than HPV positive cervical cancers [84]. Thus, the HPV status at cancer

diagnosis is essential for adequate clinical management of cervical cancer patients

and further research in this area.

5.4 schistosomiasis reporting rates in cervical precancerous

lesions and cancer

There has been a slight increase in the reporting rates of schistosomiasis among

patients with cervical precancerous lesions and cervical cancer at Inkosi Albert

Luthuli Hospital over the years. There was a particular increase in the reporting of

negative cases. Despite the increase in the reporting of schistosomiasis in patients

with cervical cancer and precancerous lesions over the years, it was still

worryingly low. Inkosi Albert Luthuli hospital is in KZN where schistosomiasis is

endemic [49, 50]. With extensive literature demonstrating the negative effect of

female genital schistosomiasis on the female reproductive health, one would

expect that it would be reported in all biopsies of the female genital organ

especially in schistosomiasis endemic areas. Out of the 23, 559 cervical

precancerous lesions and cancer records available, only 5.15% (1, 315) had a

schistosomiasis status. This may negatively impact the treatment outcome of

patients and research efforts to understand the effect of schistosomiasis on cervical

precancerous lesions and cancer.

Prospective studies with control groups cannot be used to study such association

as it is unethical to observe a disease progressing without providing any

treatment. The use of cross-sectional designs to study such associations are often

made up of small sample sizes which reduce the power of their results. As such,

laboratory reports from routine histopathology samples should be an acceptable

source of data to study such an association. The current schistosomiasis reporting

rates among patients with cervical precancerous lesions and cancer at Inkosi

Albert Luthuli hospital suggests that it might be challenging to study such
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association using laboratory reports from routine histopathology sample if no

intervention is implemented to increase schistosomiasis reporting rates.

It is difficult to ascertain the prevalence of schistosomiasis in the patients with

cervical precancerous lesions and cancer using this data. There was an apparent

decrease in the prevalence of schistosomiasis in patients with precancerous lesions

and cancer and a schistosomiasis status over time. This decrease in prevalence is

driven by the reporting patterns of schistosomiasis negative cases observed. Before

2014, pathologists were only reporting schistosomiasis positive cases. Later they

increasingly reported negative cases, while the number of positive cases reported

had little variation. This increased the denominator used to calculated prevalence

over time and gives the impression that the prevalence of schistosomiasis in

women with precancerous lesions and cancer was decreasing. Thus, there is a

need for pathologists to consistently report both positive and negative

schistosomiasis cases for patients with cervical precancerous lesions and cancer to

determine the actual prevalence of schistosomiasis in this population.

The prevalence of schistosomiasis among patients with a schistosomiasis status

was very high in cervical precancerous lesions (42.80%) and cancer (23.38%). The

prevalence of schistosomiasis observed in this study was higher compared to any

other prevalence reported from a retrospective record review. Moubayed P. et al.

and Darré T. et al. reported a prevalence of 1.7% and 1.9% in Tanzania and Togo

respectively [8, 10]. The difference in prevalence could be as a result of the

difference in the population used to determine the prevalence of schistosomiasis.

In fact, the prevalence reported in previous studies was similar to the prevalence

calculated during the sensitivity analysis with the assumption that records

without any schistosomiasis related terms were negative schistosomiasis cases

(0.96%). Therefore, we assumed that previous studies considered any case where

schistosomiasis was not reported as schistosomiasis negative given that the

definition of negative cases were not explicitly defined.
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An analysis of age at precancerous lesions and cancer diagnosis of schistosomiasis

positive and schistosomiasis negative patients suggests that patients with

schistosomiasis may develop cervical precancerous lesions and cancer 2 and 5

years earlier than patients without schistosomiasis respectively. This finding is

comparable with the findings from other studies [7, 8]. This could be explained by

a possible relationship existing between cervical schistosomiasis, HPV and HIV.

Children in communities where schistosomiasis is endemic are exposed to

infested waters at an early age such that they can develop urogenital

schistosomiasis as early as the age of 4 months [85]. At this age, their mothers may

use infested waters to bath them. As they get older, their exposure increases as

they go to infested water to bath, play and swim with friends [86]. Girls infected

with schistosomiasis start showing signs and symptoms related to cervical

ulcerative lesions and erosions from the age of 5 years old [87]. Many women and

girls in SSA have their first sexual debut before the age of 15 years [88]. Therefore,

the cervical lesions induced by schistosomiasis before their first sexual debut

increases their risk of acquiring HPV at a young age. Moreover, cervical

schistosomiasis facilitates the progression of HPV induced lesions [41]. This might

lead to cervical precancerous lesions and cancer at a young age in females with

cervical schistosomiasis.

Studies have also reported schistosomiasis as a risk factor for acquiring HIV at an

early age [88]. In an environment where schistosomiasis, HIV and HPV coexist,

high HIV viral loads induced by schistosomiasis might also increase HPV viral load

and the rapid progression of HPV induced lesions [22, 89]. Thus, women with

cervical schistosomiasis, HIV and HPV may develop cervical lesion even earlier

than patients with schistosomiasis and HPV only. However, this hypothesis was

not explored in this study due to the limited reporting of HIV status in the

histology reports.
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Moreover, the diagnosis of cervical precancerous lesions and cancer at an early

age in patients with schistosomiasis can be associated to schistosomiasis symptoms

that occur in early adulthood. The presence of trapped schistosomiasis eggs in

the cervix often causes inflammation in the surrounding areas and scarring. This

may lead to cervicitis, dysmenorrhoea, menorrhagia, leucorrhoea, lower abdominal

pain, post-coital bleeding, inter-menstrual bleeding and dyspareunia [40] that may

prompt patients to seek medical attention at an earlier stage compared to patients

without schistosomiasis.

5.5 limitations

The findings of this study should be considered in light of some limitations.

1. The performance of the word/phrase matching in extracting HPV and

schistosomiasis status could not be assessed due to the limited number of

records with SNOMED-CTs for the HPV and schistosomiasis diagnosis.

2. Findings of this study are based on a dataset where only 5% of records have a

schistosomiasis status and any assumption used to analyse such data maybe

biased as it might not reflect reality.

3. The HIV status of the patient is an important determinant in the progression

of HPV induced lesions. However, due to limited reporting of HIV status of

patients in histology narratives and constrained time for the study, this study

only explored the effect of schistosomiasis on age at cervical precancerous

lesions and cancer diagnosis without taking into consideration the HIV status

of patients. Further studies should consider using record linkage to link this

dataset to the HIV laboratory tests to study the combined effect of

schistosomiasis and HIV on the burden of cervical cancer observed in SSA.
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5.6 conclusion

This chapter presented the discussion of the research findings, its limitation and

future research directions. The next chapter, will provide a summary of the study

and recommendations.
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C O N C L U S I O N S A N D R E C O M M E N D AT I O N S

This study aimed to apply text-mining techniques on pathology reports available

at NHLS to investigate the presence of cervical schistosomiasis in patients with

cervical precancerous lesions and cancer. Applying text-mining techniques to

explore the relationship between cervical schistosomiasis and precancerous lesions

could be a cost-effective alternative to currently applied methodologies that are

resource-intensive, expensive and/or time-consuming. It might also provide

findings on time to develop policies to address the burden of cervical cancer in the

rural areas of developing countries.

The study shows that machine learning combined with word/phrase matching

approaches are effective text-mining techniques that can be used in research

focusing on the association between schistosomiasis and cervical cancer. It

demonstrates that this technique can be used to convert histology reports into a

structured dataset on which further statistical methods can be applied to study the

relationship between schistosomiasis and cervical precancerous lesions and cancer.

The pipeline proposed in this study can be implemented in other settings to study

this association. It can also be used on a yearly basis to monitor the rate of HPV

negative cervical cancer and inform policymakers to act accordingly.

However, the generalizability of findings using this technique is limited by the rate

at which pathologists report schistosomiasis and HPV in cervical histology reports

(negative and positive reporting). Therefore, it is recommended that pathologists

should be educated on the importance of reporting these conditions for better

patient management and research.
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In addition, interventions should be implemented to ensure that pathologists

report the schistosomiasis status in cervical precancerous lesions and cancer cases

especially in schistosomiasis endemic areas. Reporting schistosomiasis in this

population might guide clinicians on the treatment of patients with cervical

precancerous lesions and cancer for schistosomiasis. This will provide data that

can be used to understand the effect of schistosomiasis treatment on the

progression of HPV induced lesions.

By analysing the small proportion of patients with a schistosomiasis status, this

study identified a high prevalence of schistosomiasis in women with cervical

precancerous lesions and cancer. However, this reduces considerably when records

without schistosomiasis terms are considered as schistosomiasis negative. Also,

women with schistosomiasis appeared to develop cervical precancerous lesions

and cancer 2 and 5 years earlier than patients without schistosomiasis respectively.

This could be attributed to the effect of cervical schistosomiasis on the natural

history of HPV and HIV. Based on this conclusion, efforts to fight against

schistosomiasis, HPV and HIV should be integrated for better control of these

epidemics in schistosomiasis endemic areas.

This finding is based on a test of association due to the scope of this study. Further

studies should consider linking this dataset to the HIV database for KZN and

conduct multivariate analysis to validate these findings.
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"HISTOPATHOLOGY REPORT 

 

 

 

 

NATURE OF SPECIMEN 

PUNCH BIOPSY 

 

 

SITE OF SPECIMEN 

CERVIX 

 

 

MACROSCOPIC DESCRIPTION 

MULTIPLE PIECES OF TISSUE WERE RECEIVED, THE LARGEST MEASURED 

4MM. 

 

 

MICROSCOPIC DESCRIPTION 

SECTIONS DEMONSTRATE A VERY FRAGMENTED BIOPSY IN WHICH A CIN III 

WITH HPV CHANGES WAS NOTED.  ON THIS BIOPSY NO SIGNS OF 

INFILTRATING MALIGNANCY WAS SEEN. 

 

 

CONCLUSION 

PUNCH BIOPSY : CERVIX:  CIN III WITH HUMAN PAPILLOMA VIRUS CHANGES.  

SPECIMEN VERY FRAGMENTED.  NO INFILTRATING MALIGNANCY IS SEEN. 

" 

90



C
L I S T O F VA R I A B L E S

1. unique_patient_id 

2. episode_no 

3. folder_no 

4. date_of_birth 

5. gender 

6. race 

7. province_name 

8. district_name 

9. sub_district_name 

10. facility_name 

11. ward_name 

12. date_reviewed 

13. specimen_type 

14. result_text 

15. test_method_name 

16. snomed_code 

17. snomed_name 

91



D
E T H I C A L C L E A R A N C E C E RT I F I C AT E

January 30, 2019

92



E
A P P R O VA L L E T T E R T O A C C E S S N H L S D ATA

93



F
S E N S I T I V I T Y A N A LY S I S : D E TA I L E D R E S U LT S

f.1 yearly prevalence of schistosomiasis in cervical

precancerous lesions and cervical cancer patients over time

Figure F.1: Prevalence of schistosomiasis in pre-cancer and cervical cancer patients over
time (sensitivity analysis)

f.2 prevalence of schistosomiasis among women with cervical

precancerous lesions

Table F.1: Prevalence of schistosomiasis in women with cervical precancerous lesions
(sensitivity analysis)

Pathology
Schistosomiasis

No % Total

Pre-cancer 464 2.59 17, 907

HSIL 405 2.61 15, 509

LSIL 15 2.36 636

Unknown 44 2.50 1, 762
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f.3 prevalence of schistosomiasis among women with cervical

cancer

Table F.2: Prevalence of schistosomiasis in women with cervical cancer (sensitivity analysis)

Pathology
Schistosomiasis
No % Total

Cancer 54 0.96 5, 652

Squamous cell 44 0.99 4, 442

Adenocarcinoma 7 1.18 593

Adenosquamous 0 0.00 64

Other 3 0.54 553

f.4 age difference between schistosomiasis negative and

schistosomiasis unknown patients

Table F.3: Age difference between schistosomiasis negative and schistosomiasis unknown

Mean (STD) Difference
p-value

(differnce != 0)

Pre-cancer

Schistosomiasis Negative 40.45 (9.86)
0.59 0.8941

Schistosomiasis Unknown 40.98 (10.78)

Cervical cancer

Schistosomiasis Negative 50.42 (13.78)
1.11 0.3027

Schistosomiasis Unknown 51.54 (13.97)
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f.5 distribution of age at precancerous lesion and cervical

cancer diagnosis

Figure F.2: Distribution of pathologies by age at diagnosis (sensitivity analysis)

f.6 relationship between schistosomiasis and age at

precancerous lesions diagnosis

Figure F.3: Distribution of age at pre-cancer diagnosis by schistosomiasis status (sensitivity
analysis)
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Table F.4: Age difference between schistosomiasis status at cervical precancerous lesion
diagnosis

Mean (STD) Difference
p-value
(difference >0)

Schistosomiasis Negative & Unknown 40.39 (10.75)
2.07 <0.0001

Schistosomiasis Positive 38.32 (9.46)

f.7 relationship between schistosomiasis and age at cancer

diagnosis

Figure F.4: Distribution of age at cancer diagnosis by schistosomiasis status (sensitivity
analysis)

Table F.5: Age difference between schistosomiasis status at cervical cancer diagnosis

Mean (STD) Difference
p-value
(difference >0)

Schistosomiasis Negative & Unknown 51.50 (13.96)
6.39 <0.0010

Schistosomiasis Positive 45.12 (13.70)
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