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Abstract  

Background: Lung cancer is the leading cancer in men and second in women worldwide. Biomarkers play 

a critical role in lung cancer diagnosis, prognosis, and treatment, guiding therapeutic decisions and enabling 

personalised medicine. This study aimed to evaluate lung cancer trends from 2011 to 2022 using data from 

the pathology-based National Cancer Registry of South Africa (NCR-SA). Additionally, the study employed 

rule-based Natural Language Processing (NLP) techniques to automate the extraction of biomarkers from 

pathology reports and analysed their prevalence rates.  

Methods: We conducted a cross-sectional study; using pathologically confirmed lung cancer data from NCR-

SA. Using the Segi world standard population and mid-year population estimates from Statistics South Africa 

(StatsSA), we calculated the Age-Standardised Incidence Rates (ASIR). We computed annual percentage 

change (APC) and 95% confidence intervals (CI) to analyse lung cancer trends using Joinpoint regression. 

Rule-based Natural Language Processing (NLP) was used to extract biomarkers from pathology reports of 

Non-Small Cell Lung Cancer (NSCLC) cases. The algorithm’s performance was evaluated using precision, 

recall, and F1 score on manually annotated pathology reports. The prevalence of these biomarkers was 

analysed.  

Results: Lung cancer remains a major health concern in South Africa (SA), with 54,405 cases diagnosed 

between 2011 and 2022, comprising 46,661 NSCLC cases (85.8%) and 4,607 SCLC cases (8.5%). Males 

accounted for 61.7% of cases. White patients (48.0%) had the highest proportion, followed by Black (28.0%), 

Coloureds (18.0%), and Indian/Asian (4.0%) patients. Private hospitals diagnosed 64.0% of cases. Lung 

cancer incidence increased by 2.1%, with notable declines in 2017–2020, followed by a rise in 2020–2022. 

Among 46,160 NSCLC cases, adenocarcinoma (58.4%) was the most common, followed by squamous cell 

carcinoma (23.6%), unclassified NSCLC (12.5%), and large cell carcinoma (5.5%). Biomarker extraction 

showed high precision, with 22 biomarkers identified, including 14 diagnostics and 8 predictive biomarkers. 

Diagnostic biomarkers appeared in 92.2% of reports, while predictive biomarkers were reported in only 

7.8%, reflecting gaps in molecular testing. TTF1 (28.0%), CK7 (22.0%), and Napsin A (11.4%) were the 

most tested diagnostic biomarkers. Predictive biomarkers, including PD-L1 (1.8%) and EGFR (1.1%), had 

lower testing rates, particularly in public hospitals, where EGFR and PD-L1 testing were nearly absent 

compared to private hospitals.   
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Conclusion: Lung cancer incidence in SA declined from 2015 to 2020, possibly due to smoking regulations. 

However, racial disparities persist, with Whites having the highest lung cancer incidence. These disparities 

likely reflect differences in diagnostic access, varying smoking prevalence rates among racial groups, and 

socioeconomic differences in the populations that use private healthcare. Diagnostic biomarkers are widely 

used in clinical practice, whereas predictive biomarkers have lower positivity rates, indicating limited 

availability. Expanding biomarker testing is essential for early detection, treatment optimisation, and broader 

adoption of personalised immunotherapy in SA.   
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Introduction  

This chapter provides the background of the study and defines its overall objectives. It introduces 

the research problem, outlines the study’s aims, and its justification. It discusses lung cancer 

incidence, risk factors, the importance of screening and awareness, and available treatment options 

both globally and in South Africa. Additionally, the chapter highlights the role of biomarkers in 

NSCLC diagnosis and treatment.  

1.1 Background  

1.1.1 Lung Cancer Classifications  

Lung cancer originates within the lung tissue or airways [1]. It is classified into two primary types: 

Small Cell Lung Cancer (SCLC) and Non-Small Cell Lung Cancer (NSCLC). SCLC accounts for 

roughly 15% of lung cancer diagnoses, whereas NSCLC represents approximately 85% of all cases 

[2]. NSCLC is further classified into three major histological subtypes: adenocarcinoma, squamous 

cell carcinoma, and large cell carcinoma. Among these, adenocarcinoma is the most frequently 

diagnosed type, contributing to about 40% of lung cancer cases. Squamous cell carcinoma and large 

cell carcinoma make up 25%-30% and 5%-10% of cases, respectively [3-4]. SCLC is an aggressive 

form of lung cancer known for its rapid growth and early spread to other parts of the body [5-6]. 

Unlike SCLC, NSCLC generally grows more slowly and is less likely to have early metastasis [3]. 

While it is important to understand the characteristics of lung cancer, exploring its associated risk 

factors will show how environmental and individual factors contribute to its development.  

1.1.2 The Aetiology of Lung Cancer  

Various factors contribute to the development of lung cancer, with tobacco smoking being the 

primary risk factor and responsible for about 90% of cases [7] and responsible for about 90% of 

cases because tobacco smoke contains over 70 carcinogens that cause DNA mutations in lung cells, 

resulting in uncontrolled cell growth [8]. Non-smokers can still develop lung cancer due to exposure 

to second-hand smoke, family history of cancer, genetic predisposition, exposure to occupational 

hazards like asbestos, previous lung diseases, lifestyle choices such as poor diet and physical 

inactivity, and prolonged exposure to radon gas [9]. In non-smokers, lung cancer accounts for 
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approximately 15–25% of all lung cancer cases [10]. Exposure to carcinogens in the workplace is 

associated with 5-10% of lung cancer cases worldwide, with asbestos making individuals 3.6 times 

more likely to develop the disease [7, 11]. Radon exposure is another significant risk factor for lung 

cancer, particularly among non-smokers. It is the second biggest risk factor in smokers, and the 

biggest in non-smokers [10]. Having a family history of lung cancer can increase the risk of 

developing the disease by 1.7 times. The risk is increased by approximately 50% among first-degree 

relatives [12-13]. Exposure to second-hand smoke can increase the likelihood of developing lung 

cancer by 20-24%. Of this percentage, it is estimated that 16-24% of cases occur in people who 

have never smoked [14]. Recognising the significance of these risk factors highlights the importance 

of advocacy in raising awareness about lung cancer and the importance of screening for early 

detection.  

1.1.3 Lung Cancer Advocacy and Screening  

Given that most lung cancer cases are associated with behavioural and environmental factors, it is 

important to raise awareness among various communities regarding the risks associated with these 

factors. Such awareness can be essential in preventing the development and late presentation of lung 

cancer in the future. Lung cancer is usually diagnosed during its advanced stages, with a survival rate 

of 5% [2, 15]. Late diagnosis of lung cancer is often the result of limited knowledge of symptoms 

and limited access to healthcare services [16-17]. As a result, many people present with advanced 

lung cancer [18]. However, public health interventions and awareness campaigns have been 

successful in increasing awareness and promoting early detection. These initiatives have led to an 

increase in chest X-rays and a decrease in the number of people presenting with advanced lung cancer 

[19-20]. In addition to raising awareness and understanding the impact of behavioural and 

environmental factors on lung cancer, it is important to implement efficient screening initiatives to 

help in early detection. Low-dose computed tomography (LDCT) has been shown to be a better 

method for detecting peripheral lung cancer in people with a history of tobacco use compared to chest 

radiography and is able to identify lung cancer at earlier stages when it is more treatable [21-22]. 

Using LDCT to screen individuals who are at risk for lung cancer has been proven to improve overall 

lung cancer prognosis and lower the mortality rate of lung cancer by 20% [23-24]. With the 
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importance of early detection in improving lung cancer prognosis, there is a growing need for 

effective treatment options and the use of biomarkers to personalise therapies for better patient 

outcomes.  

1.1.4 Treatment Approaches  

The primary conventional approaches for lung cancer treatment include surgical procedures, radiation 

therapy, and chemotherapy [25]. These procedures have limitations; surgery struggles with complete 

tumour removal, chemotherapy encounters drug resistance and side effects, and radiation therapy has 

accuracy and accessibility limitations [26-27]. Variations in the epidemiology of lung cancer and 

genetic diversity among patients result in differences in the specific treatments administered to 

individuals [26]. Individuals diagnosed with early-stage lung cancer typically receive surgical 

treatment, whereas those with advanced cancer are treated with chemotherapy or radiation [28].  

Traditional treatment methods often lack specificity, as most chemotherapy drugs impact both 

cancerous and healthy tissues, leading to undesirable side effects [29]. However, advancements in 

lung cancer research have led to the discovery of molecular drivers [26]. These drivers are measurable 

indicators that reflect the biological processes of a patient’s tumour or signal responses to treatment 

[30]. They are classified into three types: prognostic markers, which provide information about 

disease outcomes; predictive markers, which help identify individuals more likely to respond to 

particular treatments; and diagnostic markers, which differentiate between various lung cancer 

subtypes [30]. These molecular markers can potentially enhance early detection and improve patient 

management in NSCLC [30-31]. 

1.1.5 Problem Statement  

Lung cancer is the leading cause of cancer-related deaths in SA, with individuals diagnosed with 

NSCLC having a survival rate of less than 10% [32]. This highlights the need to bridge existing gaps 

in understanding, management, and early detection strategies for NSCLC. The World Health 

Organization (WHO) recommends annual LDCT screening for individuals aged 55-74 with a history 

of smoking, including both current and former smokers [32]. However, this guideline does not 

account for non-smokers or individuals who develop lung cancer due to other risk factors and 

primarily focuses on early detection.  
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Once lung cancer is diagnosed, timely treatment is essential. Biomarkers found in pathology reports 

can help guide treatment decisions, ensuring more targeted and effective therapies. Automating the 

extraction of this information is necessary for improving efficiency in research settings. Currently, 

there is limited literature on lung cancer trends in SA, and even less data on lung cancer biomarker 

prevalence and distribution patterns in African populations. While biomarker testing has become 

standard practice in high-income countries, the implementation, usage patterns, and clinical outcomes 

associated with biomarker testing remain poorly characterised across the African continent. 

Understanding these trends and how they have evolved over time is important for gaining a clearer 

picture of the disease and guiding future healthcare planning and interventions.  

1.1.6 Justification  

With the development of a lung cancer policy in SA, it is important to examine lung cancer incidence 

trends over the years and provide an overview of the disease burden. However, this task is limited by 

challenges of underreporting within South Africa’s pathology-based National Cancer Registry (NCR-

SA). Because the NCR-SA depends largely on pathology reports, cases diagnosed clinically without 

histological confirmation, as well as cases from private laboratories that did not consistently report 

in earlier years, were often missed. This reliance on pathology alone has been shown to underestimate 

cancer incidence in SA, including for lung cancer, particularly when compared with active 

population-based surveillance methods [33-34].  

The use of rule-based NLP for text extraction can be a valuable tool for obtaining the data needed for 

this study. Currently, no research has been conducted on applying rule-based NLP to extract NSCLC 

biomarkers from unstructured pathology reports in SA and based on the literature review done, 

similar NLP applications for NSCLC biomarker extraction have not been documented elsewhere on 

the African continent. Investigating the effectiveness of these methods within the South African 

healthcare context can help bridge the existing knowledge gap. The rule-based NLP approach is not 

the most preferred due to its labour-intensive nature and limited reusability. However, it delivers 

reliable results and remains a valuable option for extracting information from complex structured 

templates [34-35].  
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This approach has a proven track record of reliability in healthcare diagnostics, helping to address 

concerns about trust in artificial intelligence models. By incorporating human expertise into rule-

based models, physicians can have greater confidence in the accuracy and dependability of the 

extracted information [35]. Incorporating rule-based NLP techniques into our research will enable 

the extraction and application of valuable information from pathology reports. This study has the 

potential to inform evidence-based policymaking and serve as a foundation for future research.   

1.1.7 Research Question  

What are the trends in pathology-diagnosed lung cancer in South Africa from 2011 to 2022, and how 

can a rule-based NLP algorithm be developed and validated to extract NSCLC biomarker information 

from pathology reports for estimating biomarker prevalence?  

1.1.8 Aim  

This study primarily aimed to analyse pathology-diagnosed lung cancer trends in South Africa from 

2011 to 2022. As secondary aims, the study also aimed to develop and validate a rule-based natural 

language processing algorithm to extract NSCLC biomarker information from unstructured 

pathology reports and use the resulting data to estimate the prevalence of commonly tested NSCLC 

biomarkers. 

1.1.8 Objectives  

1.1.8.1 Primary Objective 

i. To describe pathology-diagnosed lung cancer trends in South Africa over the study period (2011–

2022). 

1.1.8.2 Secondary Objectives 

i.   To develop and evaluate the performance of a rule-based NLP algorithm for extracting NSCLC 

biomarkers from the South African National Cancer Registry’s pathology reports. 

ii. To estimate the prevalence of extracted NSCLC biomarkers in the South African population. 
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2. Literature Review  

2.1 Lung Cancer Epidemiology  

2.1.1 Distribution of Lung Cancer Incidence 

Lung cancer ranks among the most diagnosed cancers worldwide, contributing to approximately 

12.4% of all cancer cases. The estimated age-standardised incidence rate (ASIR) is 23.6 per 100,000 

persons globally [2, 37]. The highest incidence of lung cancer is observed in Asia, accounting for 

58.5% of global cases, followed by Europe at 22.4% and North America at 12.1% [31]. In contrast, 

the incidence is lowest in Western and Central Africa [39]. Among men, lung cancer remains the 

most diagnosed cancer [39], with ASIR of 32.1 and 16.2 per 100, 000 in females [37]. It is the 

leading cause of cancer-related mortality, responsible for around 1.8 million deaths annually, 

thereby accounting for 18.7% of all cancer related deaths. The age-standardised mortality rate is 

estimated at 16.8 per 100,000 [3, 37]. Although lung cancer is widely diagnosed, its incidence varies 

significantly across different regions.  

2.1.2 Lung Cancer Mortality 

In developed countries, lung cancer mortality rates have declined in recent years, mainly due to 

reduced smoking rates. However, the tobacco epidemic persists in low and middle-income countries, 

eading to a consistent rise in lung cancer incidence [40]. Compared to developed countries, emerging 

economies such as Brazil, Russia, India, China, and South Africa (SA) have lower lung cancer 

incidence but higher mortality rates [41]. This disparity may be due to unequal access to healthcare, 

delayed diagnosis and treatment, environmental pollution, and socio-cultural barriers [42]. Studies 

conducted in the U.S indicate that lung cancer mortality is highest in black males compared to other 

racial groups [2]. A similar trend is observed in Africa, where males have a higher lung cancer 

incidence than females across all regions [43]. Overall, Africa’s lung cancer incidence and mortality 

rates are relatively low compared to the rest of the world. This could be due to limited reliable cancer 

registries, which may underestimate the continent’s true lung cancer burden [42-43]. 
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2.1.3 Lung Cancer underestimation 

Limited epidemiology reporting further contributes to the perception that Africa’s lung cancer rates 

are lower than other regions [42]. The lower rates may also be explained by the fact that lung cancer 

and pulmonary tuberculosis (TB) share common symptoms such as chronic cough, weight loss, and 

haemoptysis. They also present similar radiological features, including masses, nodules, and 

cavitary lesions, which can lead to misdiagnosis or delayed diagnosis of lung cancer in TB-endemic 

regions like sub-Saharan Africa [44]. A study in Zimbabwe found that 53% of lung cancer patients 

had been previously misdiagnosed with TB, leading to a median diagnostic delay of over eight 

months, with 77% diagnosed at stage IV disease [45]. Given these diagnostic challenges, the 

implementation of reliable biomarkers for lung cancer detection has become increasingly important 

to improve early diagnosis and patient outcomes.  

2.2 The Role of Biomarkers in Lung Cancer  

In the early stages of NSCLC, patients often remain asymptomatic [46]. Therefore, making regular 

screening essential for timely diagnosis, appropriate treatment, and effective disease management. 

Over the past decade, lung cancer treatment has improved significantly with the introduction of 

immunotherapy and targeted drugs like tyrosine kinase inhibitors [46]. While these treatments have 

greatly advanced NSCLC management, access remains a major challenge in low- and middle-

income countries due to limited molecular testing, high costs, and availability issues [46]. The lack 

of participation in clinical trials and inadequate funding further limit awareness and access to these 

therapies [46].  

The role of biomarkers is to provide measurable information about a patient’s tumour and, in some 

cases, predict how the body may respond to treatment [30]. Diagnostic biomarkers help identify or 

confirm the presence of a disease and can distinguish between subtypes of the same condition [30]. 

Predictive biomarkers determine which patients are most likely to benefit from a specific therapy, 

while prognostic biomarkers provide information on the likely course of the disease, including the 

chances of recurrence or progression[30].Using biomarkers for lung cancer diagnosis can help 

improve early detection and provide a more affordable and effective approach to treatment.  
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Approximately 50-60% of NSCLC patients have at least one biomarker [47-48]. The figure below 

(Figure 1) summarises the different types of lung cancer biomarkers. As understanding of the 

molecular biology of lung cancer has advanced, researchers have identified several promising 

biomarkers. These discoveries have made it possible to target specific patient groups who can benefit 

from personalised molecular therapies [2, 42]. This has significantly improved lung cancer 

treatment, with targeted therapies and emerging immunotherapy strategies proving to be highly 

effective [49]. For NSCLC, specific genetic changes such as Epidermal growth factor receptor 

(EGFR) mutations, Anaplastic lymphoma kinase (ALK) gene rearrangements, and other oncogenic 

driver mutations like Kirsten rat sarcoma viral oncogene homolog (KRAS) and B-Raf proto-

oncogene serine/threonine kinase (BRAF) serve as predictive biomarkers to guide treatment 

decisions [30]. The presence of these biomarkers in NSCLC patients helps inform treatment choices 

and enables personalised therapy [30].  
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Figure 1: Lung cancer flow diagram and NSCLC biomarkers  
  

2.3 Advances in NSCLC Treatment  

A range of biomarkers and chromosomal rearrangements found in NSCLC patients can now be 

targeted with U.S. Food and Drug Administration approved therapies [50]. In individuals with 

metastatic NSCLC, targeted therapies have led to better outcomes and lower toxicity compared to 

conventional treatment [50]. Effective treatment of advanced-stage NSCLC depends on the 

histological subtype, presence of targeted mutations, and the patient’s clinical condition and 

comorbidities [4, 51]. The primary treatment for non-metastatic NSCLC typically includes surgical 

resection, along with adjuvant or neoadjuvant chemotherapy. For inoperable cases, immunotherapy 

is also a treatment option for stage III NSCLC [51]. Although targeted therapies for NSCLC are 

available, low- to middle-income countries continue to face major challenges in ensuring access to 

quality healthcare for patients. Understanding the specific burden and epidemiology of lung cancer 

in these regions is therefore crucial for addressing these treatment gaps. 
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2.4 Lung Cancer Statistics in South Africa  

Lung cancer is the seventh most common cancer among females in SA, with an ASIR of 3.19 per 

100,000. The incidence peaks in the 75-79 age group at 30.27 per 100,000 [43]. Among males, lung 

cancer is the third most common cancer, with an ASIR of 7.24 per 100,000, more than twice the rate 

observed in females. The highest incidence is observed in the 75-79 age group at 59.27 per 100,000 

[52]. Compared to international data, its incidence in SA may be underreported [52-53] due to 

limitations in SA's pathology-based cancer registry system, which primarily relies on pathologically 

confirmed diagnoses and may not capture cases that are diagnosed clinically or radiologically [34].  

It is the leading cause of cancer-related deaths in the country, with mortality rates higher than those 

in other African countries [43, 53]. Mortality rates due to lung cancer varied significantly between 

men and women in SA. Between 1995 and 2008, lung cancer accounted for 61,418 deaths, with men 

representing 70.5% of these cases [55]. During this period, mortality rates among men showed a 

declining trend, potentially reflecting improvements in early detection methods or reductions in 

smoking prevalence. In contrast, mortality rates among women increased by 26.4% throughout the 

same time period, a pattern possibly attributable to rising tobacco use among the female population 

[55]. 

2.5 Disparities in Biomarker Testing and Cancer Treatment in SA  

In SA, diagnostic biomarker testing is available in private and public healthcare sectors. However, 

since treatment for patients with oncogenic drivers is not funded in the public sector, access to these 

therapies remains limited, reducing the practical benefit of testing in this setting [53]. In addition to 

the treatments available in the public sector, the private sector offers specialized treatments, advanced 

pathological examinations, and improved radiotherapy techniques that are not accessible in public 

healthcare facilities [56]. As a result, patients with access to private healthcare are more likely to 

receive better treatment than those in the public sector. SA’s healthcare system is divided into two 

main sectors: the private sector, which serves approximately 15.5% of the population, primarily those 

with medical aid, and the public sector, which caters to the remaining 84.5%.  

The public healthcare system is often under-resourced and lacks the specialized treatments and 

advanced services available in the private sector [56]. Relying solely on biomarker testing data from 
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the private sector for research is insufficient, as it represents only 15.5% of the population. To gain a 

better understanding of disease patterns and treatment needs, it is important to include data from 

public hospitals. This will offer a more accurate picture of biomarker prevalence and assist 

policymakers in developing treatment strategies that address the needs of the broader population. 

However, specific data comparing biomarker-testing rates between public and private facilities is not 

available in published SA literature.  

This data gap limits our understanding of biomarker patterns across the population and represents an 

important research need for developing effective precision medicine policies. This information is 

stored as unstructured medical text in electronic health records [58] but is not consistently extracted 

or used in research to guide treatment decisions in the public sector due to its labour-intensive nature 

[59]. Given these challenges with extracting biomarker information from unstructured medical 

records, computational approaches such as Natural Language Processing (NLP) offer potential 

solutions for mining this valuable clinical data. 

  

2.6 Rule-based Natural Language Processing in Medical Research  

Natural Language Processing broadly refers to the creation and application of computational 

algorithms designed to enable the interpretation and processing of human language by computers 

[60-61]. Within this field, Rule-based NLP refers to a structured approach that uses a set of predefined 

linguistic rules specifically created to extract information from unstructured text [62].  

These manually created rules serve as instructions for the computer system to identify and process 

specific patterns and structures within natural language [62]. This approach has found significant 

application in healthcare, particularly in medical research. Data collection from clinical records is 

significant to medical research studies, and the systematic extraction of information from these 

documents is essential in cancer research [63-64]. Pathology reports are important in cancer research 

because they contain valuable information [58]. However, extracting textual data from these reports 

is often a time-consuming manual process. While some developed countries have transitioned to 

structured reporting formats, in many settings, including our NHLS pathology reports, remain in free-

text format, making extraction difficult and labour-intensive. Automated approaches, such as NLP 
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algorithms, can address this challenge, particularly in resource-constrained environments where 

structured reporting systems have not yet been implemented.  

These algorithms are designed to offer a potential alternative to costly and labour-intensive manual 

processing [58]. The effectiveness of this approach depends largely on how well the pre-defined rules 

can adapt to different contexts [65]. This approach can achieve high accuracy and effectiveness in 

tasks with clearly defined rules. Similar studies using automated NLP methods have reported high 

precision and recall. For example, Chen et al. achieved 95–97% precision with 97% sensitivity in 

extracting breast cancer data [58], while Hammami et al. reported 98% precision and sensitivity in 

cancer morphology classification [35]. In SA, NLP applications have likewise demonstrated strong 

performance, achieving 83–100% precision in extracting breast cancer parameters [66] and precision 

of 1.00 with 98–100% recall in extracting prostate cancer Gleason scores from unstructured 

pathology reports [67]. However, it may face challenges when dealing with more complex and 

variable tasks [64].  
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3.1 Abstract  

Background: Lung cancer is the leading cancer in men and second in women worldwide. 

Biomarkers play a critical role in lung cancer diagnosis, prognosis, and treatment, guiding 

therapeutic decisions and enabling personalised medicine. This study aimed to evaluate lung cancer 

trends from 2011 to 2022 using data from the pathology-based National Cancer Registry of South 

Africa (NCR-SA). Additionally, the study employed rule-based Natural Language Processing 

(NLP) techniques to automate the extraction of biomarkers from pathology reports and analysed 

their prevalence rates.   

Methods: We conducted a cross-sectional study; using pathologically confirmed lung cancer data 

from NCR-SA. Using the Segi world standard population and mid-year population estimates from 

Statistics South Africa (StatsSA), we calculated the Age-Standardised Incidence Rates (ASIR). We 

computed annual percentage change (APC) and 95% confidence intervals (CI) to analyse lung 

cancer trends using Joinpoint regression. Rule-based Natural Language Processing (NLP) was used 

to extract biomarkers from pathology reports of Non-Small Cell Lung Cancer (NSCLC) cases. The 

algorithm’s performance was evaluated using precision, recall, and F1 score on manually annotated 

pathology reports. The prevalence of these biomarkers was analysed.   

Results: Lung cancer remains a major health concern in South Africa (SA), with 54,405 cases 

diagnosed between 2011 and 2022, comprising 46,661 NSCLC cases (85.8%) and 4,607 SCLC 

cases (8.5%). Males accounted for 61.7% of cases. White patients (48.0%) had the highest 

proportion, followed by Black (28.0%), Coloureds (18.0%), and Indian/Asian (4.0%) patients. 

Private hospitals diagnosed 64.0% of cases. Lung cancer incidence increased by 2.1%, with notable 

declines in 2017–2020, followed by a rise in 2020–2022. Among 46,160 NSCLC cases, 

adenocarcinoma (58.4%) was the most common, followed by squamous cell carcinoma (23.6%), 

unclassified NSCLC (12.5%), and large cell carcinoma (5.5%). Biomarker extraction showed high 

precision, with 22 biomarkers identified, including 14 diagnostics and 8 predictive biomarkers. 

Diagnostic biomarkers appeared in 92.2% of reports, while predictive biomarkers were reported in 

only 7.8%, reflecting gaps in molecular testing. TTF1 (28.0%), CK7 (22.0%), and Napsin A (11.4%) 

were the most tested diagnostic biomarkers. Predictive biomarkers, including PD-L1 (1.8%) and 



15 

EGFR (1.1%), had lower testing rates, particularly in public hospitals, where EGFR and PD-L1 

testing were nearly absent compared to private hospitals.   

Conclusion: Lung cancer incidence in SA declined from 2015 to 2020, possibly due to smoking 

regulations. However, racial disparities persist, with Whites having the highest lung cancer 

incidence. These disparities likely reflect differences in diagnostic access, varying smoking 

prevalence rates among racial groups, and socioeconomic differences in the populations that use 

private healthcare. Diagnostic biomarkers are widely used in clinical practice, whereas predictive 

biomarkers have lower positivity rates, indicating limited availability. Expanding biomarker testing 

is essential for early detection, treatment optimisation, and broader adoption of personalised 

immunotherapy in SA.   

Keywords: Lung cancer, incidence, Age-Standardised Incidence Rate, racial disparities, 

smoking prevalence, pathology-based registry, South Africa.   
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3.2  Background  

Lung cancer is the leading cause of cancer death globally, accounting for 18.7% of all cancer-related 

deaths [1]. It is the most common cancer in males and the second most common in females, with 

age-standardised incidence rates (ASIR) of 32.1 and 16.2 per 100,000, respectively [1]. The age-

standardised mortality rate is higher in males (24.8 per 100,000) than in females (9.8 per 100,000) 

[1]. In South Africa (SA), lung cancer ranks as the second most common cancer in men and third in 

women, with 2022 ASIRs of 27.6 and 11.2 per 100,000, respectively [2] Tobacco smoking remains 

the leading risk factor, contributing to 90% of cases [3]. Global smoking prevalence is higher in 

males (32.6%) than females [4-5], contributing to higher male incidence rates [6]. Among sub-

Saharan African countries, SA, Sierra Leone, and Zambia report the highest smoking prevalence 

[7]. To address this, SA implemented the Tobacco Products Control Act in 1993. Despite this, lung 

cancer disparities persist, particularly in detection and survival, which remain worse for Black 

populations compared to their White counterparts, likely due to multiple health risks at diagnosis, 

such as poorer access to healthcare, delayed care-seeking, and unhealthy lifestyle behaviours. [8-9]. 

However, evidence suggests that early detection can mitigate survival disparities across racial 

groups [10].  

Socioeconomic status (SES) also influences outcomes, with higher survival rates observed in 

affluent areas [11]. In addition to racial disparities, it has been shown that SES impacts on survival 

in that those residing in higher SES areas, have improved survival rates compared to those in the 

lowest SES areas [9]. As an upper-middle-income country with diverse racial groups and urban-

rural divides, SA faces significant healthcare disparities [10-12]. The public healthcare sector serves 

84.5% of the population but is under-resourced compared to the private sector, [13] leading to 

advanced-stage diagnoses in public-sector patients [10]. Despite the critical role of early detection 

in improving survival, SA lacks formal lung cancer screening programmes [14]. Consequently, 

survival rates remain below 10%. The World Health Organization recommends Low Dose 

Computed Tomography screening for high-risk individuals aged 55–74, [14] however, SA has not 

implemented this. Even if adopted, the recommendation excludes non-smokers and those at risk 

from other factors. While one study analysed lung cancer mortality trends in SA from 1995 to 2008 
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[15], no studies have investigated lung cancer incidence trends in the country, highlighting a 

significant knowledge gap. This study aimed to address this by evaluating annual percentage 

changes in lung cancer incidence from 2011 to 2022 using pathology-based data from the National 

Cancer Registry of South Africa (NCR-SA). The findings will inform policymakers in resource 

allocation for lung cancer prevention, diagnosis, and management.  

3.3  Methodology  

3.3.1  Study setting and design  

We conducted a retrospective cross-sectional study of individuals pathologically diagnosed with 

lung cancer from 2011 to 2022. The National Health Laboratory Service (NHLS) is a network of 

laboratories that provides diagnostic services to 80% of the South African population [16]. 

Demographic and diagnostic information for individuals diagnosed with lung cancer was routinely 

collected from all public hospitals across SA by NHLS and consolidated into a centralized data 

warehouse. Pathology reports indicating cancer malignancies were extracted from the warehouse 

and transferred to the NCR-SA cancer coding application. Data from private hospitals was 

submitted directly to the NCR-SA and integrated into the same coding application. Coders at the 

NCR-SA used the International Classification of Diseases for Oncology, Third Edition (ICD-O-3), 

to code the pathology reports. Each report was coded for topography (C34), representing the origin 

of the malignancy and morphologies, identifying specific lung cancer types.  

3.3.2  Study population  

Our study included all individuals diagnosed with lung cancer between 2011 and 2022 from both 

public and private hospitals, excluding cases clinically diagnosed or suspected cancers. 

Demographic and clinical characteristics of individuals were extracted from the NCR-SA database. 

The race variable was inconsistently collected in the laboratories; therefore, multiple imputation 

was performed to address the missing data and enhance its completeness for analysis, the methods 

are detailed here [17]. Mid-year population estimates, including information on race, sex, age-

groups, and years from 2011 to 2022, were sourced from Statistics South Africa (StatsSA), the 

primary custodian of population data in the country.  
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3.3.3 Data management  

Cases diagnosed between 2011 and 2022 with a topography code of C34, indicating cancers 

originating in the lung, were included in the analysis. Data including diagnostic year, cancer type, 

ICD-03 codes, age, sex, race, and laboratory type was obtained from the NCR-SA database. Lung 

cancer cases were identified using specified ICD-O-3 morphology codes. The dataset was further 

classified into 16 age groups, each defined by a 5-year interval ranging from 0–4 years to 75 years 

and older [18]. The annual lung cancer cases were calculated for each age group throughout the study 

period. Furthermore, the NCR-SA dataset was aggregated by year, sex, race, and age group to 

calculate the number of lung cancer cases at each stratification level. The mid-year population data, 

which included race, sex, age, and year-wise population estimates, was merged with the aggregated  

NCR-SA data to incorporate the corresponding population estimates per stratification. The Segi-Doll 

standard population dataset was used for standardisation, consisting of age groups and their respective 

weights [18]. The Segi–Doll standard population dataset is a reference population structure developed 

for international comparisons of cancer incidence and mortality. It was first proposed by Segi and 

later modified by Doll et.al, and it provides age-specific weights for 5-year age groups up to 75 years 

and older [18-20]. These weights are widely used in epidemiology to calculate age-standardised rates 

(ASRs), ensuring that differences between populations are not due to variations in age structure but 

rather reflect real differences in disease burden [19-20]. To ensure compatibility with the age 

groupings in the NCR-SA dataset, the weights for patients aged 75 and above were grouped into a 

single age category (75+). The resulting data included three datasets, which were the number of lung 

cancer cases categorised by year, the population stratified by year and sex, and the population 

stratified by year and race.  

3.3.4 Data analysis  

The analysis was conducted using Python version 3.9 within the Spyder integrated development 

environment to perform descriptive statistics.  Demographic and clinical factors, including sex, 

population group, and histological subtypes, were summarized using frequencies and percentages to 

provide an overview of the data. The Chi-Squared test was used to assess whether there was a 
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statistically significant association between each of the following categorical variables: sex, race, 

hospital, and age group and lung cancer in the study.  

For trend analysis, each dataset was sequentially imported into the Joinpoint Regression Analysis 

software (version 5.3.0). This software was used to examine lung cancer incidence trends across the 

study period. Age-Standardised Incidence Rates (ASIR) were calculated and reported as the number 

of cases per 100,000 individuals at risk using the Segi-Doll world standard population as a reference 

[18]. The Joinpoint software identified different time periods where statistically significant changes 

occurred in the incidence trends. Key metrics derived from the analysis included crude rates, ASIRs 

and APC, along with their corresponding 95% confidence intervals (CI).  

3.4  Results  

3.4.1  Socio-Demographic Characteristics  

There were 54,405 reported cases of lung cancer between 2011 and 2022. Of all the diagnosed lung 

cancers, 85.8% (n=46,661) were NSCLCs, 8.5% (n=4,607) were SCLCs and 5.8% (n=3,137) were 

unclassified types. There were 61.7% (n = 33,542) males and 38.3% (n = 20,845) females. A total 

of 3,881 (64.1%) patients were diagnosed in private hospitals, while 19,524 (35.9%) were diagnosed 

in public hospitals. Among different population groups, 28.3% (n=14,980) were Black, 18.3% 

(n=9,682) were Coloureds, 4.3% (n=2,254) were Indian/Asian, and 49.1% (n=25,970) were Whites 

(Table 1).  

The distribution of sex (p=0.003), race (p=0.001) and hospital (p=0.001) differs significantly among 

lung cancer histological types. The median age at diagnosis was 65.0 years with an Interquartile 

Range of (57.0, 73.0). Age-specific incidence rates increase with age, rising from the 45–49 age 

group and a peaking at 70-74 years, followed by a subsequent decrease in individuals aged 75 and 

above across all racial groups. (Figure 2).  

 

Table 2: Demographic and Clinical Characteristics of Individuals Pathologically Diagnosed with Lung 

Cancer in South Africa (2011–2022) 

  Characteristic  

 

 

Non-small cell lung cancers 

               n (%) 

Small cell lung cancers  

          n (%) 

Unclassified 

     n (%) 

Total 

N (%)   

p-value  
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  46,661(85.5) 4,607(8.5)  3,137(6.7)             54,405   

Sex         0.003  

    Male  28,899 (62.0)  2,752 (60.0)       1,891 (60.0)             33,542 (62.0)     

Female  17,744 (38.0)  1,855 (40.0)    1,246 (40.0)             20,845 (38.0)     

Missing  18(<1.0)     0(0.0)     0 (0.0)            18(0.0)    

Race          <0.001  

      Black  13,288 (28.0) 765 (17.0)        927 (30.0)            14,980 (28.0)     

  Coloured   8,245 (18.0) 947 (21.0)     490 (16.0)                          9,682 (18.0)     

   Indian/Asian  1,975 (4.0)  133 (3.0)       146 (5.0)  2,254 (4.0)     

White  21,842 (47.0) 2,615 (57.0)     1,513 (48.0)             25,970 (48.0)     

    Missing  1,311(3.0) 147(3.0)    61(2.0)              1,519(3.0)       

Hospital         <0.001  

Private    29,791 (64.0)   3,154 (68.0)         1,936 (62.0)             34,881 (64.0)     

Public  16,870 (36.0)   1,453 (32.0)    1,201 (38.0)             19,524 (36.0)     

Median age (Q1, Q3)  65.0 (57.0, 73.0) 66.0 (59.0, 73.0)        62.0 (54.0, 71.0)         65.0 (57.0, 73.0)    

 

Age group    
     <0.001  

   

   <25  

 

                

  37 (0.1) 

             

1 (0.0) 

        

54 (2.0)  

  92 (0.0)     

   25–34    313 (1.0)           17 (0.0)     83 (3.0)  413(1.0)                
   

 

35–44  1,715 (4.0) 98 (2.0)    184 (6.0)         997 (4.0)     

45–54  6,387 (14.0) 549 (12.0)    458 (15.0)         7,394 (14.0)     

55–64  13,778 (30.0)  1,329 (29.0)    1,024 (33.0)         16,131 (30.0)     

65–74  14,796 (32.0) 1,756 (38.0)    843 (27.0)         17,395 (32.0)     
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75–84  8,132 (17.0) 741 (16.0)    410 (13.0)          9,283 (17.0)     

85+  1,503 (3.0) 116 (3.0)    81 (3.0)       1,700 (3.0)     

      

   

 

 

 

 

 
Figure 2: Age-Specific Lung Cancer Incidence Rates by Race in South Africa 

(2011–2022) 

3.4.2  Lung cancer trends  

The overall ASIR was 5.36 per 100,000 persons, with a 2.1% increase (95% CI: -2.8 to -1.3) 

observed over the study period. Between 2011 and 2017, there was a 3.4% increase in ASIR (95% 

CI: 2.0–5.5) for females and a 0.1% increase (95% CI: -1.3–2.7) for males.  This was followed by 

an 11.5% decrease (95% CI: -14.3 to -7.6) in females and a 13.4% decrease (95% CI: -16.8 to -9.1) 

in males between 2017 and 2020. Subsequently, ASIR increased again by 7.0% (95% CI: 1.1–12.7) 

in females and 4.8% (95% CI: -3.4 to 12.0) in males (Figure 3). 
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Figure 3: Age-Standardised Lung Cancer Incidence Rates by Sex (2011–2022)  

  

The ASIR increased by 11.3% in Whites, 10.5% in Coloureds, 6.3% in Indians, and 2.7% in Blacks 

per 100,000 (Figure 4). Among Blacks, ASIR increased by 1.8% between 2011 and 2016, followed 

by an 11.1% decrease from 2016 to 2020, and a subsequent 5.5% increase between 2020 and 2022. 

The Coloured population had an ASIR increase of 0.3% (CI: 0.2, 5.0) in 2011-2017, a 16.6% (CI: -

6.7, 19.7) decrease in 2017-2020, and a subsequent 7.9% (CI: -6.7, 20.0) increase in 2020-2022. 

Among Whites, ASIR increased by 2.5% (CI: 1.5, 3.8) from 2011 to 2017, followed by a 10.0% 

(CI: -11.8, 7.5) decrease in 2017-2020 and a 3.9% (CI: 0.14, 7.2) increase in 2020-2022. Among 

Indians, ASIR increased by 8.7% (CI: 0.5, 40.2) in 2011-2015 and decreased by 6.7% (CI: -17.3, -

3.6) in 2015-2022 (Table 2).  
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Table 2: Annual Percent Change (APC) in Pathologically Confirmed Lung Cancer by Sex 

and Race (2011–2022) 

 Race  
 Trend 1  Trend 2  Trend 3  

  Calendar Period  APC (95% CI)   Calendar Period  APC (95% CI)    Calendar Period  APC (95% CI)   

Black  2011–2016  1.8 (–0.7, 5.9)   2016–2020  –11.1 (–15.8, –7.8) *   2020–2022  5.5 (–2.6, 13.4)   

Coloured  2011–2017  0.3 (–2.0, 5.0)   2017–2020  –16.6 (–6.7, 19.7) *   2020–2022  7.9 (–6.7, 20.0)   

Indian  2011–2015  8.7 (0.5, 40.2) *   2015–2022  –6.7 (–17.3, –3.6) *   –   –    

White  2011–2017  2.5 (1.5, 3.8) *   2017–2020  –10.0 (–11.8, –7.5) *   2020–2022  3.9 (0.14, 7.9) *   

Females  2011–2017  3.4 (2.0, 5.5) *   2017–2020  –11.5 (–14.2, –7.6) *   2020–2022  7.0 (1.1, 12.7)   

Males  2011–2017  0.1 (–1.3, 2.7)   2017–2020  –13.4 (–16.7, –8.9) *   2020–2022  4.8 (–3.3, 11.9)   

Full Range   2011–2022  –2.1 (–2.8, –1.3) *   –  

  

  

 

  

Figure 4: Age-Standardised Lung Cancer Incidence Rates by Race in South Africa 

 (2011–2022) 

 

 

 

 

  



24 

 

3.5  Discussion  

The findings of this study highlight significant disparities in lung cancer diagnosis across 

demographic groups and healthcare sectors, providing evidence in informing public health policies 

for targeted interventions. The study found that NSCLC (85.8%) was the dominant subtype when 

compared to SCLs (8.5%) and unspecified subtypes (5.8%) (Table 1). The predominance of 

NSCLCs in our dataset is consistent with global patterns [4]. The higher proportion of lung cancer 

cases observed in males (61.7%) compared to females (38.3%) aligns with existing literature, which 

reports a significantly higher smoking prevalence among males than females [21].  

These findings are further supported by the Global Adult Tobacco Survey in South Africa, which 

showed significant variations in tobacco use across the population. The survey found that 25.8% of 

adults were current tobacco smokers and from those 41.2% were males and 11.2% were females 

[22]. Additionally, 18% of adults were exposed to tobacco smoke in their homes and 11.2% at their 

workplace [22]. The racial distribution of lung cancer cases also shows disparities, with Whites 

accounting for the highest proportion (49.1%), followed by Blacks (28.3%), Coloureds (18.3%) and 

Asians/Indians (4.3%). Given that tobacco smoking is a major risk factor for lung cancer, these 

findings contrast with smoking prevalence patterns in SA, where Coloureds have the highest 

smoking rate (40.1%), followed by Indians/Asians (22.1%), Whites (15.3%), and Black Africans 

(15.1%) [23].  

This pattern may reflect differences in healthcare access and socioeconomic status rather than true 

variations in disease burden. Coloured and Black populations, despite having higher smoking rates, 

may experience diagnostic delays due to their dependence on resource-constrained public healthcare 

services [24]. The higher proportion of cases diagnosed in private hospitals (64.1%) compared to 

public facilities (35.9%) further suggests inequities in healthcare access. Private healthcare 

facilities, which are predominantly used by wealthier populations, offer more advanced diagnostic 

tools, shorter waiting times, and better access to specialist care, leading to earlier and more frequent 

lung cancer diagnoses [47]. In contrast, individuals relying on public healthcare often experience 

delayed diagnoses due to resource constraints, long waiting periods, and limited access to 

specialized oncology services [24]. This may contribute to underreporting of lung cancer cases in 
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the public sector and a higher proportion of late-stage diagnoses among economically disadvantaged 

populations [25-26].  

Between 2011 and 2022, lung cancer incidence in SA showed an overall decline (Table 2, Figure 

4). This trend may be influenced by multiple factors, including the impact of tobacco control policies 

and disparities in healthcare access across racial and socioeconomic groups. The 1993 Tobacco 

Products Control Act, which introduced regulations on advertising, health warnings, and smoke-

free environments, may have contributed to the gradual decline in lung cancer incidence [27].  

However, disparities in early detection likely played a role in observed racial differences. Whites, 

with greater economic means who are more likely to use private healthcare, may have higher 

reported lung cancer incidence due to better diagnostic availability, while underdiagnosis in public 

healthcare settings could contribute to lower reported rates among other racial groups. This is 

supported by studies indicating that Black patients are more frequently diagnosed at later stages, 

likely due to limited access to screening and diagnostic services [26].  

The age-specific incidence rates of lung cancer peaked at 70–74 years (Figure 1). The distribution 

of cases in this study shows that the highest proportion occurred among individuals aged 55–74 

years, with 32.0% in the 65–74 age group and 29.6% in the 55–64 age group. This aligns with 

smoking prevalence patterns, where the highest smoking rates among males are observed in the 45–

64 and 25–44 age groups respectively [21].  

Given the period between smoking exposure and lung cancer development, the peak incidence in 

older age groups likely reflects historical smoking behaviours. The observed sex-specific 

differences (Table 2, Figure 3) in lung cancer incidence trends may reflect variations in smoking 

patterns as reflected in other studies that in many high-income countries, lung cancer incidence has 

decreased in males, attributed to earlier smoking cessation campaigns and declining smoking 

prevalence [26]. The significant increase in female incidence between 2011 and 2017 aligns with 

global trends, where women initiated smoking later than men, leading to a delayed rise in lung 

cancer cases (Figure 3) [28]. The observed decline in lung cancer incidence from 2017 to 2020 may 

be attributed to the effects of tobacco control policies implemented in previous years [27]. 

Moreover, the pronounced decrease in 2019 could be partially attributed to healthcare service 
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disruptions during the COVID-19 pandemic, which may have resulted in diagnostic delays rather 

than an actual reduction in lung cancer cases. 
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3.6  Conclusion  

In conclusion, this study provides important evidence into the epidemiology of lung cancer in SA. 

The observed incidence trends and demographic patterns provide valuable information for public 

health planning and resource allocation by identifying populations experiencing unequal disease 

burden, highlighting healthcare access inequities between sectors, and establishing baseline data for 

monitoring the effectiveness of tobacco control policies.  

The disparity between the private and public healthcare sector diagnoses demonstrates these 

inequities, with private facilities diagnosing more cases compared to the populations they serve. 

These disparities highlight the need to strengthen diagnostic capacity in public facilities. Moreover, 

the significant differences in incidence across demographic groups, particularly the increasing 

burden among females and variations across racial groups, highlight the importance of developing 

targeted, population-specific intervention strategies to improve early detection and access to 

diagnostic services. 

To further enhance understanding of the lung cancer burden in SA, it is essential to strengthen and 

expand pathology-based cancer registration systems to capture cases diagnosed through alternative 

means. In this context, the rule-based NLP algorithm showed reliable performance in extracting 

NSCLC biomarker information, providing a practical tool to support large-scale biomarker analysis 

from unstructured pathology reports. Future research should focus on identifying the most effective 

strategies for reducing disparities and improving outcomes for all South Africans affected by lung 

cancer. 
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4 Extended Methodology  
Introduction  

This chapter details the methodologies used to achieve Objectives 2 and 3. It describes the 

rule-based NLP approach for automating biomarker extraction and explains how the extracted 

biomarkers are analysed to determine their prevalence and testing rates.  

4.1 Rule-Based Natural Language Processing 

4.1.1 Data Preparation 

Pathology reports for individuals diagnosed with lung cancer during the study period were received 

from the NCR-SA database. The dataset contained a mix of structured and unstructured data. 

Demographic information, ICD10 morphology and topography codes were populated in structured 

columns, while a column named “reports,” which contained pathology reports for each patient, was 

in free text format. To ensure the dataset included only lung cancer cases, the data was filtered using 

the topography code C34, which represents the lung according to the ICD-10 coding manual. The 

dataset was further filtered using morphology codes from ICD-10 to include only NSCLCs. The 

pathology reports were pre-processed by removing special characters to ensure consistency and 

standardization. This process involved removing extra spaces, special characters, and converting all 

text to lowercase (Figure 5).  

The variables were standardised and categorised to ensure comparability. Sex was reported as male 

and female. Age was calculated at diagnosis and grouped into categories (<25, 25–34, 35–44, 45–

54, 55–64, 65–74, 75–84, and 85+ years). Race was grouped into four standard categories (Black, 

Coloured, Indian/Asian, and White) as routinely captured by the NCR-SA. Hospital sector was 

categorised as public (NHLS laboratories) or private (reporting private laboratories). Histological 

subtypes of NSCLC were derived from ICD-O-3 morphology codes and classified into 

adenocarcinoma, squamous cell carcinoma, and large cell carcinoma. A small number of less 

common NSCLC morphologies (e.g., sarcomatoid carcinoma, adenosquamous carcinoma, 

mucoepidermoid carcinoma) were combined into an “Unclassified NSCLC” category to ensure 

stable reporting, given their small case numbers. Missing values were retained in all descriptive 

tables to provide transparency about data completeness. 
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4.1.2 Gold Standard Dataset 

To create a gold standard dataset that was used for evaluation, an extensive literature review was 

conducted to identify specific NSCLC biomarkers for extraction from pathology reports. A subset 

of 300 pathology reports was randomly selected, and each report was manually annotated for 

biomarker presence and corresponding result texts. Each extracted result was classified into one of 

three categories: positive (indicating the biomarker was detected), negative (indicating absence), or 

not reported (when the biomarker was not mentioned). The individual biomarkers from the literature 

were listed in columns.  For each pathology report, if a listed biomarker was tested, the 

corresponding cell was annotated with its result as “positive” or “negative”; if it was not tested, it 

was annotated as “not reported”.  

4.1.3 Rules creation  

Using these annotated reports, regular expression-based rules that would be able to recognize various 

biomarkers along with their associated result texts from the pathology reports were developed. The 

result texts were classified into three groups: positive, for texts indicating a positive result; negative, 

for texts representing a negative result; and not reported, for cases where the pathology report did 

not mention the specific biomarker. The rule-based algorithm was developed iteratively rather than 

in a single step. Initial rules were tested on the annotated subset of 300 reports and outputs were 

compared against the gold standard annotations. False positives (cases where biomarkers were 

incorrectly identified) and false negatives (cases where true biomarkers were missed) were 

reviewed. Based on these findings, the rules were refined, expanded, and retested in repeated cycles 

until satisfactory extraction performance was achieved across all biomarkers. 

 

4.1.4 Rule Application 

These pre-defined rules were applied to the subset of pathology reports to extract biomarkers along 

with their corresponding result texts from each report within the report column. The algorithm 

scanned the text in each report, identifying patterns that matched the specified rule conditions and 

automatically populating columns with the extracted biomarkers and their respective result texts. To 
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maintain consistency, each column containing biomarkers extracted by the algorithm was named 

using the biomarker’s name followed by “_extracted”.  

 

  

Figure 5: Rule Based NLP pipeline  

4.1.5 Model Evaluation 

Validation was conducted by comparing the algorithm’s predictions against the manually annotated 

gold standard subset. For each biomarker, true positives (TP), false positives (FP), true negatives 

(TN), and false negatives (FN) were calculated, and confusion matrices were generated to visualize 

performance. These values were then used to derive precision, recall, and F1-scores, ensuring that 

the algorithm’s accuracy was thoroughly quantified before applying it to the full dataset. Precision 

measured the proportion of correctly identified biomarkers among all biomarkers predicted by the 

model, while recall evaluated the proportion of correctly identified biomarkers relative to the actual 

biomarkers present in the data. The F1-score, calculated as the harmonic mean of precision and 

recall, assess the overall performance of the algorithm [68-69]. Metrics were calculated as follows 

[69]:  

  
 

4.1.6 Rule Application 

Once the algorithm achieved satisfactory performance, it was applied to the entire dataset to extract 

biomarkers and their corresponding result texts from pathology reports. The extracted biomarkers 

were populated in their respective columns and classified as positive, negative, or not reported. The 
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prevalence rate for each biomarker was calculated as the total number of positive extractions divided 

by the sum of positive, negative, and not reported cases, assuming that reports labelled as “not 

reported” were negative. Testing rates for different hospital types were determined for each 

biomarker, calculated as the proportion of reports with a positive or negative result for that 

biomarker relative to the total number of reports, including positive, negative, and not reported 

cases.   



36 

5 Extended Results  

Introduction  

This chapter presents the results of the rule-based NLP extraction from pathology reports. It includes 

an evaluation of the algorithm’s performance using precision, recall, and F1-score metrics. It also 

provides an analysis of the extracted biomarkers, focusing on their prevalence and testing rates.  

5.1  Demographics Characteristics  

A total of 46,160 individuals were diagnosed with NSCLC during the study period (Table 3). 

Adenocarcinoma was the predominant subtype, representing 58.4% (n=26,956) of cases, followed 

by squamous cell carcinoma at 23.6% (n=10,896), unclassified NSCLCs at 14.6% (n=3,929), and 

large cell carcinomas at 5.5% (n=2,551). This distribution shows that adenocarcinoma is the 

dominant form of NSCLC in SA, consistent with global trends. 

Most patients (64.0%, n=29,409) were diagnosed in private hospitals compared with 36.0% 

(n=16,751) in public facilities, suggesting possible differences in access to diagnostic services 

between the public and private sectors. Males accounted for majority of cases 64.5% (n=17,434), 

reflecting historical smoking patterns and females for 35.2% (n=9,469) of case. 

Among the racial groups, 29.0% (n=13,162) were Black, 18.8% (n = 8,122) were Coloured, 4.0% 

(n=1,948) were Asian/Indian, and 40.0% (n=21,627) were White. The Median age at diagnosis was 

65.0 (57.0, 73.0), with most cases observed in individuals aged 65-74 at 32.0 %  

(n=14,594) and those aged 54-64 at 30.0 % % (n=14,594) and those aged 54-64 at 30.0%  

(n=13,620). This pattern highlights that NSCLC remains largely a disease of older adults. There 

were statistically significant differences in the distribution across NSCLC subtypes (p < 0.001) for 

sex, race, hospital type, and age groups.  
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Table 3: Demographic and Clinical Characteristics of Non-Small Cell Lung Cancer 
Patients by Hospital and Cancer Subtype 

  

Characteristics  Unclassified NSCLC 

N (%) 

Adenocarcinomas 

N (%) 

Squamous Cell 

N (%) 

Large Cell 

N (%) 

Total 

N (%) 

p-value  

  5,757(12.5)   26,956(58.4) 10,896(23.6) 2,551(5.5)     46,160(100)    

Sex             <0.001  

Male  3,748 (65.0) 15,207 (56.0) 7,848 (72.0) 1,785 (70.0)  28,588 (62.0)     

Female  2,008 (35.0) 11,737 (44.0)  3,045 (28.0) 764 (30.0)  17,554 (38.0)     

Missing  1(<1.0)    12(<1.0)           3(<1.0)          2(<1.0)    18(<1.0)  

Race             <0.001  

Black 1,631 (28.0) 6,956 (26.0) 3,642 (33.0)      933 (37.0) 13,162 (29.0)     

      Coloured 1,382 (24.0)              4,350 (16.0)     1,975 (18.0)       415 (16.0) 8,122 (18.0)     

      Indian/Asian 156 (3.0)                  1,360 (5.0)      306 (3.0)       126 (5.0) 1,948 (4.0)   

      White 2,442 (42.0)              5 13,484 (50.0)         4,687 (43.0)           1,014 (40.0) 21,627 (4.0)     

      Missing 146(3.0)                  806 (3.0)      286(3.0)         63 (2.0) 1,301 (3.0)   

Hospital               <0.001  

      Public    3,351 (58.0)     7,131 (26.0)        5,004 (46.0)        1,265 (50.0)      16,751 (36.0)  

      Private    2,406 (42.0)     19,825 (74.0)        5,892 (54.0)        1,286 (50.0)      29,409 (64.0)  

Median age (Q1, Q3)     64.0 (55.0, 71.0)      65.0 (57.0, 73.0)  66.0 (59.0, 73.0)            62.0 (55.0, 71.0)          65.0 (57.0, 73.0)     

Age Group      <0.001 

      <25       8 (0.0)              17 (0.0)    11 (0.0)            3(0.0) 39 (0.0) 
 

      25-34       44 (1.0)          188 (1.0)    54 (0.0)            27(1.0) 313(1.0) 
 

      35-44       244 (4.0)          1,113 (4.0)      237 (2.0)            102(4.0)     1,696(4.0) 
 

      45-54       955(17.0)          3,716 (14.0)           1,150 (11.0)             468(18.0)     6,329(14) 
 

      55-64           1,826 (32.0)          7,660 (28.0)            3,304 (30.0)             830(33)        13,620 (30) 
 

      65-74          1,693(29.0)          8,488 (31.0)            3,724(34.0)   689(27.0)         14,594 (32) 
 

      75-84          769 (13)          4,849 (18)             2,077 (19.0)    376(15.0)         8,071 (170) 
 

      85+    93 (3.0)              925(3)        339 (3.0)              56 (2.0)          1,498 (3%) 
 

 

5.2  Model Evaluation  

The biomarker extraction model achieved extraction of 22 different biomarkers from pathology 

reports (Figure 6). Performance differed across biomarkers, with some achieving perfect scores 

while others showed reduced extraction capabilities. Eighteen biomarkers achieved perfect 

precision scores of 1.000, indicating accurate identification when biomarker mentions were detected 
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in pathology reports. The remaining four biomarkers showed strong performance: NAPSIN A 

(0.983), Thyroid Transcription Factor-1(TTF1) (0.993), Tumour protein p63 (P63) (0.950), and 

Np63 isoform (P40) (0.889). This high precision across the panel suggests minimal false positive 

extraction errors during the automated extraction. 

  

  

  

Figure 6: Performance Metrics for Lung Cancer Biomarker Extraction  

 

Recall performance showed results that are more diverse across the biomarker set. Eleven 

biomarkers achieved perfect recall scores of 1.000, including Chromogranin A, Synaptophysin, 

Cluster of Differentiation 56 (CD56), Carcinoembryonic Antigen (CEA), Calretinin, GATA 

Binding Protein 3 (GATA3), B-Raf Proto-Oncogene (BRAF), MET Proto-Oncogene Receptor 

Tyrosine Kinase (MET), Anaplastic Lymphoma Kinase (ALK), Phosphatidylinositol-4,5-

Bisphosphate 3-Kinase Catalytic Subunit Alpha (PIK3CA), and ROS Proto-Oncogene 1 Receptor 

Tyrosine Kinase (ROS1). Lower recall was observed for several biomarkers: Cytokeratin 5/6 

(CK5/6) (0.706), P40 (0.727), Cytokeratin 20 (CK20) (0.769), Epidermal Growth Factor Receptor 

(EGFR) (0.800), and Programmed Death-Ligand 1 (PDL1) (0.833). The remaining biomarkers 

achieved recall scores above 0.880, reflecting reliable detection of biomarker information from 

pathology reports. 
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5.3 Prevalence of NSCLC Biomarkers  

The 22 extracted biomarkers comprised 14 diagnostic biomarkers and 8 predictive biomarkers. Of 

the total of 42,909 pathology reports, 49,625 biomarker tests were conducted with an average of 1.2 

tests per report. Diagnostic biomarker testing accounted for 95.9% (n=47,576) of all tests, while 

predictive biomarker testing accounted for 4.1% (n=2,049) of all tests.  

TTF1 was the most frequently tested biomarker, performed in 28.0% of reports (n=12,017), 

followed by CK7 in 22.0% of reports (n=9,461) and CK20 in 16.3% of reports (n=7,015). These 

biomarkers had a prevalence rate of (15.8, 16.2, 1, 2), respectively. A huge proportion of the reports 

did not report or test these biomarkers, suggesting that biomarkers are either no tested or reported 

on the pathology reports (Table 4).  
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Table 4: Summary of Biomarker Prevalence 
  

 
Biomarker               Total Tests                 Positive     Negative         Not Reported    Prevalence Rate (%) 

Diagnostic                  N = 47,576(95.9%) 

Napsin A  4,893 (11.4)  2,758  2,135  38,016  6.4  

TTF1  12,017 (28.0)  6,777  5,240  30,892  15.8  

Cytokeratin 7  9,461 (22.0)  6,961  2,500  33,448  16.2  

Cytokeratin 20  7,015 (16.3) 528  6,487  35,894 1.2 

Chromogranin A  1,472 (3.4) 204 1,268  41,437 0.5  

Synaptophysin  1,472 (3.4)  317 1,522  41,070  0.7  

CD56  866 (2.0) 205 661  42,043  0.5  

Cytokeratin 5/6  3,093 (7.2) 1,019 2,074  39,816  2.4  

P63  5,111 (11.9)  2,312 2,799  37,798 5.4  

CEA  1,124 (2.6) 733  391  41,785  1.7  

P40    1,043 (2.4) 359  684  41,866 0.8  

Berep4    1,044 (2.4) 693  351  41,865  1.6  

Calretinin    1,887 (4.4)  119 1768  41,022 0.3  

GATA3     933 (2.2) 172 761 41,976 0.4  

 

Predictive                   N = 2,049(4.1%)  

 

   BRAF  23 (0.1)  7  16  42,886  0.0  

   PDL1  773 (1.8)  505  268  42,136  1.2  

   EGFR  477 (1.1)   74   403 42,432  0.2  

   MET  131 (0.3)  34   97  42,778  0.1  

   ALK  194 (0.5)  12  182  42,715  0.0  

   KRAS  116 (0.4)  47  67  42,795  0.1  

   PIK3CA  166 (0.4)  3  163  42,743  0.0  

   ROS1  169(0.4)  3  166  42,740  0.0  

  

Napsin A was tested in 11.4% (n=4,893) of pathology reports with a prevalence rate of 6.4%. p63 was 

reported in 11.9%(n=5,111) reports with a prevalence rate of 5.4%. CK5/6 was tested in 3,093 

(7.2%) with a prevalence rate of 2.4%. GATA3 was the least diagnostic biomarker tested at in 2.2 

%(n=933) of reports with a prevalence rate of 0.4%.  PDL1 was the most frequently tested predictive 

biomarker, performed in 1.8% of reports (n=773) with a prevalence rate of 1.2%, followed by EGFR 

tested in 1.1% of reports (n=477) with a prevalence rate of 0.2%, and MET tested in 0.3% of reports 

(n=131) with a prevalence rate of 0.1% (Table 4).  

ALK was tested in 0.5% of reports (n=194) with a prevalence rate of 0.0%, while KRAS was tested 

in 0.4% of reports (n=116) with a prevalence rate of 0.1%. PIK3CA and ROS1 showed similar 

testing frequencies at 0.4% of reports each (n=166 and n=169, respectively), both with prevalence 

rates of 0.0%. BRAF had the lowest testing frequency at 0.1% of reports (n=23) with a prevalence 



41 

rate of 0.0%. Overall, these predictive biomarkers showed much lower testing frequencies compared 

to diagnostic biomarkers, with most tested in less than 0.5% of reports. 

5.4 Testing Rates 

The biomarker testing rates across private and public hospitals are summarised in Table 5 below. 

TTF1 was the most frequently tested biomarker in both hospital sectors, with similar rates observed 

in private hospitals (27.9%) and public hospitals (28.3%). CK7 was the second most commonly 

tested biomarker, showing higher testing rates in private hospitals (23.2%) compared to public 

hospitals (20.0%). Cytokeratin 20 was more frequently tested in private hospitals (17.0%) than 

public hospitals (15.3%). P40 showed a disparity with 3.7% testing in private hospitals compared to 

only 0.2% in public hospitals.  

Several showed comparable testing rates between hospital types. Napsin A was tested in 11.7% of 

private hospital reports and 10.9% of public hospital reports. CD56 and GATA3 maintained 

consistent low-level testing across both sectors, with rates of approximately 2% in each hospital 

type. 
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Table 5: Biomarker Testing Rates by Health Sector  
  

Biomarker  Private (%)  Public (%)  

CD56  2.07  1.94  

CEA  2.56  2.72  

Calretinin  4.19  4.75  

Chromogranin A  3.17  3.89  

CK20  16.98  15.25  

CK7  23.21  20.03  

EGFR  1.74  0.02  

GATA3  2.14 2.24 

KRAS  0.42 0.00 

MET  0.48 0.00 

Napsin A  11.69 10.90 

P63  10.70 14.03 

ROS1  0.62 0.00 

Synaptophysin  4.11 4.59 

TTF1  27.87 28.25 

ALK  0.68 0.05 

BerEp4  2.19  2.86  

BRAF  0.08 0.00  

CK 5/6  6.95  7.65  

P40  3.69  0.23  

PDL1  2.70 0.23  

PIK3CA  0.61  0.00  

  

By comparison, certain biomarkers showed different testing patterns across sectors. P63 testing 

occurred in 14.0% of public hospital reports and 10.7% of private hospital reports. CK5/6 was tested 

in 7.7% of public hospital reports and 7.0% of private hospital reports. Other biomarkers included 

Synaptophysin (4.6% public, 4.1% private), Calretinin (4.8% public, 4.2% private), Chromogranin 
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A (3.9% public, 3.2% private), BerEP4 (2.9% public, 2.2% private), and CEA (2.7% public, 2.6% 

private).  

Other biomarkers were tested predominantly in private hospitals: KRAS (0.4% private, 0.0% public), 

MET (0.5% private, 0.0% public), ROS1 (0.6% private, 0.0% public), BRAF (0.08% private, 0.0% 

public), and PIK3CA (0.6% private, 0.0% public). ALK testing occurred in 0.7% of private hospital 

reports and 0.05% of public hospital reports.  
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6. Discussion and Conclusion  

  
Introduction  

This chapter discusses and synthesizes the extended results of the study. It examines findings on 

NSCLC characteristics, biomarker prevalence, and the performance of the natural language 

processing method for biomarker extraction. The chapter analyses these results in the context of 

existing literature. The conclusion summarizes key findings.  

   

6.1 Discussion  

This study found that adenocarcinoma (58%) was the most common NSCLC subtype, followed by 

squamous cell carcinoma (23.4%), unclassified NSCLC (13.1%), and large cell carcinoma (5.5%) 

(Table 3). These findings align with global trends, where adenocarcinoma has become the most 

prevalent subtype of lung cancer, replacing squamous cell carcinoma as the leading subtype, which 

is known to be associated with smoking [70]. Therefore, this shift is probably due to the declining 

smoking rates in men [15]. Males had a higher proportion (61.9%) of NSCLC while 38.1% were 

diagnosed in females. SCC was predominantly diagnosed in males (72.0%), while adenocarcinoma 

was more evenly distributed, with 56.4% of cases occurring in men. This distribution reflects global 

patterns, where SCC is predominantly found in men due to historically higher smoking rates, 

whereas adenocarcinoma is more common in women, particularly non-smokers [37]. Research 

suggests that 20% of women with lung cancer have never smoked, highlighting additional risk 

factors such as genetic predisposition, environmental exposures, and hormonal influences [71]. The 

study further highlights significant racial disparities in healthcare access in SA.  

Despite being a minority population group, White patients accounted for 48.3% of NSCLC cases, 

whereas Black (29.3%), Coloured (18.1%), and Indian (4.3%) patients made up a smaller proportion 

of diagnoses. These findings may suggest unequal access to diagnostic services in the different 

population groups. These inequities are further reflected in healthcare sector disparities. Private 

hospitals, which serve only 15% of the population [57], diagnosed 63.7% of cases, while public 

hospitals accounted for just 36.3%. The disparity is even more apparent in adenocarcinoma 

diagnoses, where 73.5% of cases were identified in private hospitals compared to 26.5% in public 
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hospitals. This imbalance reflects structural inequities within South Africa’s healthcare system [56]. 

Patients in the public sector often present with advanced disease, with several factors such as limited 

health education, poor healthcare accessibility, and inefficiencies in referral systems contributing to 

delayed diagnoses [53].  

In this study, we developed a rule-based NLP model to extract NSCLC biomarkers from pathology 

reports, achieving high precision across multiple biomarkers. Compared to conventional manual 

extraction methods, our automated approach demonstrates several well-documented benefits. It 

removes the need for labour-intensive, time-consuming manual abstraction that is prone to human 

error [35], while also providing automated analysis functions that support clinical workflow 

optimisation and quality monitoring [59]. Manual abstraction of pathology reports demands 

extensive human resources and is often impractical for large research projects [72]. In contrast, NLP 

methods can efficiently process thousands of reports with consistency and scalability. CK7, CK20, 

Chromogranin A, Synaptophysin, CD56, CK5/6, CEA, BerEP4, Calretinin, GATA3, BRAF, PD-

L1, EGFR, MET, ALK, KRAS, PIK3CA, and ROS1 all achieved a precision score of 1.000, 

showing high reliability in biomarker identification. These findings align with previous studies 

showing that rule-based NLP methods can perform well in extraction tasks, even when applied to 

unstructured pathology reports, particularly when domain-specific rules are carefully designed [66].  

However, certain biomarkers showed slightly lower performance metrics. Napsin A, TTF1, P63, 

and P40, despite high precision (0.983, 0.993, 0.950, and 0.889, respectively), had lower recall 

values, suggesting that certain instances were missed. P40 had a recall of 0.727, which is consistent 

with previous research highlighting inconsistencies in how this text is documented across reports, 

making it more difficult to extract using predefined linguistic rules. Additionally, a portion of our 

pathology reports were written in Afrikaans, introducing further complexity in standardizing 

extraction rules and potentially contributing to variations in recall. Studies evaluating NLP models 

found that rule-based approaches often struggled with complex and inconsistent sentence structures 

and variability in text documentation and as a result there is need for more advanced, context-aware 

NLP techniques to improve extraction performance across diverse clinical narratives [73, 74]. While 

structured mentions (e.g., “EGFR positive”) are easily identified, more complex sentence structures 
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(e.g., “The specimen tested negative for the presence of EGFR mutations, indicating that targeted 

therapy may not be effective in this case”) can lead to false negatives, impacting recall scores. 

Addressing this issue requires context-aware approaches that improve the model’s ability to detect 

biomarker mentions across different linguistic styles [74].  

The strong performance of our model in EGFR, ALK, and PD-L1 extraction further validates the 

role of NLP in biomarker-driven NSCLC classification. These findings provide a foundation for 

further research into how these biomarkers guide targeted therapies. The effectiveness of NLP-

driven biomarker extraction in enhancing precision medicine is further supported by studies showing 

that structured extraction methods improve the identification of targetable genetic alterations for 

personalised treatment strategies [75]. Based on our validation results demonstrating precision 

scores of 0.88-1.00, recall of 0.73-1.00, and F1 scores of 0.80-1.00 when compared against the 

manually annotated data (Figure 6), our NLP model reliably extracted NSCLC biomarkers from 

pathology reports.  

Given this validated performance, it is important to examine biomarker prevalence in our dataset to 

assess potential clinical applications. The prevalence of diagnostic biomarkers such as TTF-1 

(15.8%), CK7 (16.2%), and Napsin A (6.4%) in the samples that were tested aligns with their 

established role in NSCLC subtyping and classification [76]. These prevalence rates are consistent 

with the proportion of adenocarcinoma cases in our dataset, supporting the known association 

between these markers and this NSCLC subtype (Table 3). The testing frequencies for  TTF1, CK7 

and Napsin A (Table 5) observed across both private and public hospitals indicate frequent use of 

these diagnostic markers. This is consistent with findings that a full panel of diagnostic biomarkers, 

including CK7, CK20, CK5/6, P63, p40, TTF1, and Napsin A, is routinely available in both private 

and public South African hospitals [53]. While the testing of diagnostic biomarkers is readily 

available and routinely performed in both private and public healthcare settings, access to predictive 

biomarker testing is far more limited [53].  

The distribution of diagnostic and predictive biomarkers indicates that diagnostic markers are tested 

more frequently, whereas predictive biomarkers have a disproportionately high proportion of reports 

indicating that the biomarkers were either not mentioned or tested, which may suggest limited 
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testing rates (Figure 7). The lower prevalence of predictive biomarkers such as PD-L1 and EGFR 

when compared to diagnostic biomarkers in our findings is likely a consequence of their low testing 

rates and this may indicate gaps in biomarker testing or the absence of standardised testing 

guidelines in our country (Figure 8). This indicates that many NSCLC patients may not be receiving 

molecular profiling necessary for targeted therapy and immunotherapy. This disparity is particularly 

evident in the public sector, where testing for oncogenic drivers is rarely conducted due to the lack 

of funding for targeted therapies [53].  

Testing rates in private hospitals were consistently higher across both diagnostic and predictive 

biomarkers (TTF1: 25.80% vs. 19.10%, EGFR: 3.80% vs. 0.05%), suggesting that patients in the 

public sector may have limited access to molecular profiling, influencing their treatment options and 

clinical outcomes (Table 5). The low testing rates for emerging predictive biomarkers such as KRAS 

(0.52%), BRAF (0.57%), and PIK3CA (0.33%) are not unexpected given that even well-established 

predictive biomarkers like EGFR and PD-L1 remain underutilized in routine clinical practice. As a 

result, the low prevalence of these biomarkers in this study may reflect testing limitations rather than 

their true incidence in the population.  

It is evident that private hospitals dominate in biomarker testing, while public hospitals contribute a 

significantly smaller proportion (Figure 9). However, although such testing is available in the private 

sector, it is largely restricted to patients covered by top-tier medical aid schemes, limiting access for 

many individuals who may benefit from targeted therapies [53]. This inequality highlights the 

socioeconomic barriers to precision medicine in SA, where access to advanced diagnostic tools 

remains largely dependent on financial means rather than clinical need. Addressing these inequities 

will require policy-driven efforts to expand biomarker testing in the public sector, ensuring that all 

NSCLC patients, regardless of socioeconomic status, have access to comprehensive molecular 

profiling and targeted treatment options.  

6.2  Conclusion and Recommendation  

This study examined demographic patterns, biomarker extraction and validation, and disparities in 

NSCLC diagnosis and molecular testing in SA. It highlights significant disparities in NSCLC 

diagnosis and molecular testing in the country, with racial and socioeconomic factors influencing 
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access to care. White patients were disproportionately represented in NSCLC cases, suggesting 

barriers to early diagnosis among Black, Coloured, and Indian patients, particularly in the public 

healthcare sector. Expanding diagnostic services, increasing awareness campaigns, and implementing 

targeted screening programs could help reduce these disparities [21].  

The development of an NLP algorithm for biomarker extraction provides a methodological 

foundation for large-scale pathology report analysis, addressing the scalability limitations of manual 

extraction approaches. Our findings on biomarker testing in SA can directly inform the development 

of cost-effective lung cancer diagnostic panels. Our data shows that CK7, TTF1, Napsin A, P63, and 

PDL1 were the most prevalent in the local context. These patterns provide a foundation for creating 

a SA-specific panel of biomarkers. Research by Blanco-Prieto et al. showed that a targeted panel 

approach to biomarker testing could achieve high sensitivity (97%) for lung cancer detection, 

particularly for early-stage disease [78]. However, our biomarker prevalence calculations are based 

only on cases where testing was performed, which may introduce bias on those who were tested. 

Patients selected for biomarker testing likely represent cases with higher clinical suspicion or specific 

tumour characteristics, potentially resulting in prevalence estimates that do not reflect the broader 

NSCLC population.  

We therefore recommend implementing a diagnostic panel that combines these five key biomarkers 

(CK7, TTF1, Napsin A, P63, and PDL1) to improve both diagnostic accuracy and cost-efficiency 

compared to individual testing methods. The demographic patterns identified in our study could guide 

prioritization strategies, ensuring resources are directed toward patients most likely to benefit from 

comprehensive testing. This panel-based approach represents a practical solution to resource 

constraints while addressing disparities in molecular testing access between private and public 

sectors, potentially improving early detection rates in historically underserved populations across SA.  
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