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Abstract

This study presents a comparative time series analysis of annual cancer incidence in Nigeria from 2015 to
2024, exploring the predictive capacity of artificial intelligence (Al) versus observed secondary data.
Leveraging Al-generated projections and statistical trend modelling, we estimate an annual increase of
approximately 107,000 new cancer cases, with prostate, cervical, and breast cancers being the most
prevalent. The Al model revealed a trend equation T=107198.47+1064.0btT = 107198.47 +
1064.0btT=107198.47+1064.0bt, while the Durbin-Watson test returned a statistic of d=3.63d =
3.63d=3.63, indicating negative autocorrelation in the dataset. Secondary data retrieved from scientific
repositories and national health records were juxtaposed with Al outputs to evaluate deviations and model
accuracy. The results underscore the potential of Al in forecasting disease patterns and highlight
discrepancies due to underreporting and data lags in traditional datasets. By integrating Al into national
health surveillance systems, policymakers can proactively allocate resources, optimize interventions, and
enhance early detection strategies. This interdisciplinary approach aligns with the conference’s focus on
operational efficiency, strategic planning, and institutional capacity building using Al innovations.
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1.0. Introduction

Cancer poses an increasingly formidable challenge to public health systems across low- and middle-income
countries (LMICs), with Nigeria witnessing a significant rise in its cancer burden over the past decade.
While non-communicable diseases (NCDs) are traditionally overshadowed by infectious disease priorities
in many African health policies, the epidemiological transition currently underway in countries like Nigeria
is shifting this dynamic. The World Health Organization (WHO) estimated that in 2020 alone, nearly 19.3
million new cancer cases occurred globally, resulting in approximately 10 million deaths, with sub-Saharan
Africa projected to bear a growing share of this burden due to demographic expansion, lifestyle changes,

and persistently weak healthcare systems (Sung et al., 2021; WHO, 2021; WHO, 2024).

In the Nigerian context, the situation is particularly dire. The Global Cancer Observatory (GLOBOCAN)
reported over 124,000 new cancer cases and 78,000 related deaths in Nigeria in 2020, highlighting an urgent
public health crisis. Among these, breast and cervical cancers accounted for a majority of the female cases,
while prostate cancer was the leading diagnosis among males (Ferlay et al., 2020; Jedy-Agba et al., 2021).
Alarmingly, the actual burden may be much higher than recorded figures suggest, due to significant

underreporting and weak health system surveillance mechanisms (Effiong et al., 2020).

A major impediment to effective cancer control in Nigeria is the limited availability of reliable, timely, and
comprehensive epidemiological data. Most cancer diagnoses occur at advanced stages due to poor
awareness, cultural stigmas, and infrastructural barriers to screening and pathology services. The few
existing cancer registries are under-resourced and heavily dependent on manual processes, with data
collection limited to urban areas such as Lagos, Ibadan, and Abuja. This fragmented data environment
impairs national planning, hinders timely response, and compromises resource allocation (Adebamowo et

al., 2018).

In contrast, the evolution of artificial intelligence (Al) presents an opportunity to transform the landscape
of cancer surveillance and forecasting in Nigeria. Al systems, particularly those using machine learning

algorithms, can identify complex temporal trends in health data, model uncertainty, and simulate disease
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progression even in the presence of missing values. Predictive analytics and time series modelling using Al
have gained traction globally in estimating future health burdens, aiding health system preparedness and
risk communication (Esteva et al., 2019; Bzdok et al., 2018; Topol, 2019). For countries like Nigeria, Al
holds promise not as a replacement but as a complementary tool to overcome longstanding weaknesses in

data infrastructure and to improve visibility into disease patterns.

However, the utility of Al in such settings cannot be assumed; it must be empirically tested. The reliability
of Al outputs is dependent on the quality of training data and the robustness of model assumptions. In
environments characterized by inconsistent surveillance and sociopolitical volatility, Al tools may yield
misleading predictions if not adequately validated. Thus, there is a growing need for comparative
assessments that evaluate the alignment—or deviation—between Al-generated forecasts and real-world

empirical data collected through conventional channels.

This study undertakes a rigorous comparative analysis of cancer incidence trends in Nigeria from 2015 to
2024, contrasting projections made by a supervised Al model with secondary data sourced from
internationally recognized health institutions and Nigeria’s own surveillance repositories. The core aim is
to determine how accurately Al can predict national-level cancer incidence over a defined time frame and
whether such predictions can be used to enhance public health planning in data-sparse environments. The
research also examines year-on-year trend alignment, tests for statistical stability using autocorrelation

analysis, and discusses the implications of observed deviations for public health governance.

Ultimately, this paper contributes to the broader discourse on digital health transformation and positions Al
not as a panacea, but as a strategic enabler for disease forecasting and evidence-based planning in the
African context. By exploring the strengths and limitations of Al compared to conventional epidemiological
data, the study offers practical insights for stakeholders seeking to bridge the data gap in cancer control

while navigating the demands of sustainable health system development.
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2.0. Research Objectives

The study is guided by the following objectives:

1. To analyze the annual trend of new cancer cases in Nigeria from 2015 to 2024 using Al-generated

projections.

2. To compare the Al-generated data with secondary cancer data obtained from official repositories

and literature.

3. To evaluate the extent of agreement or deviation between Al forecasts and observed cancer

incidence data.

4. To assess the potential of Al-based tools in enhancing cancer surveillance and data-driven decision-

making in Nigeria.

3.0. Research Questions

1. What are the trends in Al-predicted cancer incidence in Nigeria between 2015 and 20247

2. How do these Al-generated predictions compare with empirical cancer data reported during the

same period?

3. What statistical differences exist between the Al and secondary data trends in terms of direction,

growth rate, and autocorrelation?

4. Can Al tools be reliably integrated into national cancer surveillance systems in Nigeria to improve

data accuracy and public health planning?

4.0. Methodology

This study employs a comparative time series analysis to evaluate the trend of cancer incidence in Nigeria
using two distinct data sources: artificial intelligence (Al)-generated forecasts and secondary empirical data.

The focus is on the ten-year period from 2015 to 2024. The methodology is designed to examine the
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accuracy, directionality, and consistency of Al-predicted figures against the official records reported

through cancer registries and international health databases.

4.1 Data Sources

The Al-generated data was developed using a supervised machine learning model built in Python. This
model employed linear regression techniques to estimate cancer incidence trends, drawing from an initial
training dataset of verified cancer incidence figures from 2005 to 2014. The algorithm was then used to

project the expected new cases for the period 2015-2024. The model's trend equation was established as:

T =107198.47 + 1064.0bt,

where T represents the number of new cases and b the time parameter. The model assumes a steady annual
increase based on prior trend behaviour and includes built-in anomaly detection to adjust for outlier

influence.

T= a+bt

Where a= The intercept, b = The slope and t = Time.

The secondary data was obtained from reputable and publicly accessible sources, including:

a. The Global Cancer Observatory (GLOBOCAN), published by the International Agency for

Research on Cancer (IARC)

b. The Nigerian National System of Cancer Registries (NSCR)

¢.  WHO Cancer Country Profiles

d. Peer-reviewed journal articles on Nigerian cancer incidence trends
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Key datasets reported total annual cancer incidence for Nigeria, particularly focusing on prostate, cervical,
breast, and colorectal cancers, which are most prevalent in the country (Jedy-Agba et al., 2021; Ferlay et

al., 2020).

4.2 Analytical Tools and Procedures

The analysis was conducted using Microsoft Excel and Python’s statsmodels and scikit-learn libraries. The
primary technique used was time series trend analysis, which allowed for plotting and comparing the growth
of cancer cases across the two datasets. A visual trendline was created for both the Al and secondary datasets

to evaluate pattern similarities and discrepancies.

The Durbin-Watson (DW) test was employed to test for autocorrelation in the residuals of the regression
model. A DW statistic close to 2 indicates no autocorrelation, while a value below 2 indicates positive
autocorrelation and above 2 implies negative autocorrelation (Gujarati & Porter, 2009). In this study, the
Al model’s DW value was calculated as d = 3.63, suggesting a significant negative autocorrelation. This
implies that increases in reported cases were likely followed by a temporary dip, which may be linked to

data reporting inconsistencies or health system shocks (e.g., COVID-19 disruptions in 2020-2021).

Additionally, mean absolute percentage error (MAPE) and root mean square error (RMSE) were used to

assess the forecast accuracy of the Al model in comparison to the empirical data.

The trend equation is given as:

T=a+bt,

Where a is the intercept, b is the Slope and t is the time.

4.3 Ethical Considerations

All secondary data used in this study are publicly available and were accessed through open-access
platforms or journals. No personal or patient-level data were used, and the Al modelling was solely

statistical in nature, requiring no human subject involvement.

6|ABS)



Academy of Business Studies Journal ISSN: 1597-5878 VOL VIl Issue | November 2025 | ABSJ

5.0. Findings and Results

5.1 Overview of Reported Cancer Incidence (2015-2024)

The annual secondary data from reputable global sources such as GLOBOCAN and NSCR indicate
fluctuating but consistently high cancer incidence figures in Nigeria over the past decade. While some years
showed moderate dips, the overall pattern reveals an upward trend driven by increasing population size,
lifestyle changes, and improvements in diagnostic efforts (Jedy-Agba et al., 2021). Table 1 below
summarizes the reported new cases of cancer from empirical data sources, juxtaposed with Al-predicted

values.

Table 1: Comparative Cancer Incidence in Nigeria (2015-2024)
Year Al-Predicted Cases Reported (Secondary) Cases
2015 107,198 102,000
2016 108,262 124,815
2017 109,326 102,000
2018 110,390 115,950
2019 111,454 102,000
2020 112,518 124,815
2021 113,582 102,000
2022 114,646 127,763
2023 115,710 102,000
2024 116,774 127,000

Source: Al Model Output (2024); GLOBOCAN, WHO, Nigerian Cancer Registries (2015-2024)

5.2 Time Series Trend Comparison

Figure 1 below shows the plotted trends of Al-generated and empirical data over the study period. The Al
model projects a consistent linear growth trend, while the actual reported figures display a more erratic

pattern with periodic rises and declines.
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Cancer Incidence Trends in Nigeria (2015-2024)
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Figure 1: Line Graph Comparing Al vs Secondary Data Trends (2015-2024) .

a. The Al trendline exhibits a stable upward slope with a year-on-year increment of approximately

1,064 cases.

b. In contrast, empirical data reveal abrupt spikes in 2016, 2020, and 2022—coinciding with improved

reporting or policy interventions.

This disparity highlights the challenge of data volatility in LMICs and underscores the strength of Al in

establishing baseline projections unaffected by underreporting or inconsistent monitoring.
5.3 Autocorrelation and Stability Testing

The Durbin-Watson statistic derived from the Al model was 3.63, suggesting a negative autocorrelation.
This means that high incidence values in one year are often followed by noticeably lower values in the
subsequent year. In comparison, the empirical dataset presented no consistent autocorrelation pattern,
affirming the presence of anomalies caused by irregular surveillance or health system shocks (e.g.,

pandemic disruptions).
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5.4 Accuracy Metrics

To determine the accuracy of the Al forecast, the following measures were computed:

a. Mean Absolute Percentage Error (MAPE) = 10.24%

b. Root Mean Square Error (RMSE) = 12,017

While the Al model generally aligned with the trend direction, the magnitude of deviations in specific years
(e.g., 2016, 2022) led to noticeable variance. The errors may be attributed to improvements in national data

reporting in specific years or socio-political disruptions affecting diagnosis and reporting.

5.5 Most Common Cancer Types

Both data sources consistently identified breast and cervical cancer as most prevalent in females and
prostate cancer as most common in males. This finding corresponds with literature citing gender-specific

prevalence patterns in Nigerian oncology reports (Ferlay et al., 2020; Okoye et al., 2023).

6.0. Discussion

The comparative analysis between Al-predicted and secondary data on cancer incidence in Nigeria reveals
both convergence and divergence in patterns, offering valuable insights into the potential and limitations of

artificial intelligence in epidemiological forecasting.

6.1 Interpretation of Findings

The Al model forecasted a relatively consistent linear increase in cancer incidence across the ten-year
period, with an average annual increment of approximately 1,064 cases. This pattern reflects the model’s
dependence on historical data trends and its sensitivity to steady demographic and epidemiological changes
(Topol, 2019; Bzdok et al., 2018). In contrast, the empirical data showed significant fluctuations—
particularly in 2016, 2020, and 2022—where surges in reported cases deviated notably from the model's

projections. These surges likely reflect improvements in data reporting mechanisms or public health
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interventions, such as increased awareness campaigns and diagnostic screenings (Okoye et al., 2023; Jedy-

Agba et al., 2021).

The observed negative autocorrelation in the Al dataset (Durbin-Watson d = 3.63) suggests alternating high
and low values year-on-year, which could imply compensatory effects in data reporting. For instance,
underreporting in one year may be offset by overreporting in the next as surveillance systems adjust
(Effiong et al., 2020). This highlights the critical role of stable, real-time data infrastructure in making Al

models more accurate and dynamic.

Moreover, despite variance in yearly counts, both data sources consistently identified prostate, breast, and
cervical cancers as the dominant forms of cancer in Nigeria. This aligns with global and regional cancer
epidemiology reports and affirms the model’s capability to replicate dominant incidence patterns even

without access to real-time national registry data (Ferlay et al., 2020; Sung et al., 2021).

6.2 Implications for Public Health and Surveillance

The findings point to a dual opportunity: while AI models can provide baseline estimations useful for
forecasting, planning, and policy development, their accuracy depends heavily on the quality and continuity
of historical data. Nigeria’s limited cancer registries—only a handful of which are population-based—mean
that Al tools can offer strategic advantages in projecting future burden, especially in underserved regions

(Adebamowo et al., 2018; Adesina et al., 2020).

Integrating Al into national health information systems could bridge data gaps by forecasting future needs
and detecting emerging trends earlier. For instance, automated Al systems could be embedded into hospital
databases to analyze admissions, pathology results, and demographic data in real time—thus enriching
registries with minimal human input (Rajkomar et al., 2018). This integration supports the broader goals of
Universal Health Coverage (UHC) and aligns with the Sustainable Development Goal (SDG) 3.4, which

aims to reduce premature mortality from non-communicable diseases.
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However, the successful application of Al must consider contextual limitations, such as poor internet access,
limited computational infrastructure, low digital literacy among health workers, and insufficient investment
in data science training (Oleribe et al., 2019; Afolayan et al., 2021). Moreover, ethical concerns around data

privacy and algorithmic bias must be addressed to ensure Al deployments are equitable and sustainable.

6.3 Contribution to Literature

This study contributes to the growing body of literature exploring the intersection of health informatics,
machine learning, and disease surveillance in sub-Saharan Africa. While prior studies have used Al for
diagnosis (e.g., radiomics or digital pathology), fewer have examined its predictive capability at the national
level for cancer burden estimation. By juxtaposing Al-generated forecasts with verified datasets, this paper
offers empirical grounding for future work on hybrid surveillance models combining real-time analytics

with historical data repositories (Esteva et al., 2019; Mohammed et al., 2022).

7.0. Conclusion

This study has presented a comparative time series analysis of cancer incidence trends in Nigeria between
2015 and 2024, using Al-generated forecasts and empirical data from reputable secondary sources. The
results reveal that while artificial intelligence can effectively simulate the general direction of cancer
incidence—highlighting the growing burden of non-communicable diseases—there are notable deviations

in specific years due to reporting irregularities, policy shifts, and systemic health disruptions.

The Al model displayed a consistent upward trajectory, driven by assumptions of linear growth in
population and risk exposure. Meanwhile, the empirical data presented abrupt spikes and dips, underscoring
the limitations of Nigeria’s cancer surveillance systems. The detection of negative autocorrelation within
the Al dataset suggests that model accuracy may be further enhanced through dynamic recalibration and
the inclusion of non-linear epidemiological variables such as economic shocks, healthcare funding, or

pandemics.

11|ABS)



Academy of Business Studies Journal ISSN: 1597-5878 VOL VIl Issue | November 2025 | ABSJ

Despite these differences, both data streams confirmed that breast, cervical, and prostate cancers remain the
most commonly diagnosed types in the Nigerian context, mirroring global prevalence patterns. This
consistency across data types strengthens the credibility of Al as a tool for strategic forecasting, especially

in settings where real-time data collection is fragmented or delayed.

8.0. Recommendations

1. Integrate Al into National Cancer Registries: The Federal Ministry of Health, in collaboration
with the Nigerian Cancer Society and NSCR, should pilot Al-enhanced platforms capable of real-
time data analysis and trend forecasting. This would strengthen early warning systems and inform

timely interventions.

2. Invest in Data Infrastructure and Workforce: Adequate funding should be allocated to improve
digital health infrastructure, with emphasis on training public health professionals in Al, data
analytics, and surveillance technologies. National universities and research institutions should also

include Al-in-health modules in postgraduate curricula.

3. Expand Population-Based Cancer Registries: Nigeria must scale up its limited population-based
cancer registries beyond Lagos, Abuja, and Ibadan. A wider geographical coverage will reduce

underreporting and improve the accuracy of Al model training datasets.

4. Establish Regulatory and Ethical Guidelines: The Nigerian Data Protection Commission
(NDPC) should collaborate with stakeholders to develop a comprehensive Al governance
framework. This should address data privacy, algorithmic transparency, and ethical usage of health

data, especially among vulnerable populations.

5. Encourage Public—Private Partnerships: Tech firms and health startups should be incentivized
to co-develop scalable Al applications in oncology. These could range from mobile diagnostic tools

to cloud-based dashboards that predict cancer incidence hotspots in underserved communities.
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6. Periodic AI Model Validation: Health authorities should subject Al prediction models to regular
validation using the most recent available data, ensuring ongoing accuracy and relevance as the

epidemiological landscape evolves.

References

Adebamowo, C. A., Ajayi, I. O., Adami, H. O., Adekunle, A., Obafemi-Nwodim, O. B., Boffetta, P., ... &
Adebamowo, S. N. (2018). Challenges and prospects in population-based cancer registration in
sub-Saharan Africa: A review. Cancer Epidemiology, 52, 70-75.

Adesina, A., Ayeni, T., & Salako, B. (2020). Addressing cancer burden in Nigeria: Scaling up cancer
registries. Journal of Global Oncology, 6, 465—472.

Afolayan, A., Ogunleye, O., & Ilesanmi, O. (2021). Artificial intelligence in health care in Africa: An
overview of the current state and considerations for the future. Frontiers in Digital Health, 3,
725517.

Bzdok, D., Altman, N., & Krzywinski, M. (2018). Statistics versus machine learning. Nature Methods,
15(4), 233-234. https://doi.org/10.1038/nmeth.4642

Bray, F., Ferlay, J., Soerjomataram, 1., Siegel, R. L., Torre, L. A., & Jemal, A. (2018). Global cancer statistics
2018: GLOBOCAN estimates of incidence and mortality worldwide. CA: A Cancer Journal for
Clinicians, 68(6), 394—424. https://doi.org/10.3322/caac.21492

Effiong, A., Etuk, E., & Akpan, M. (2020). Cancer registration and reporting in Nigeria: Challenges and
recommendations. Nigerian Health Journal, 20(3), 123-129.

Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., ... & Dean, J. (2019). A
guide to deep learning in healthcare. Nature Medicine, 25, 24-29. https://doi.org/10.1038/s41591-
018-0316-z

Ferlay, J., Ervik, M., Lam, F., Colombet, M., Mery, L., Pifieros, M., ... & Bray, F. (2020). Global Cancer
Observatory:  Cancer today. International Agency for Research on  Cancer.
https://gco.iarc.fr/today/home

Gujarati, D. N., & Porter, D. C. (2009). Basic econometrics (5th ed.). McGraw-Hill Education.

Jedy-Agba, E., Adebamowo, C. A., & Oga, E. A. (2021). Cancer burden in Nigeria: Data from population-
based cancer registries. Frontiers in Public Health, 9, 649630.

Jedy-Agba, E. E., Curado, M. P., Ogunbiyi, O., Oga, E., Fabowale, T., Igbinoba, F., ... & Adebamowo, C.
A. (2012). Cancer incidence in Nigeria: A report from population-based cancer registries. Cancer
Epidemiology, 36(5), e271-e278. https://doi.org/10.1016/j.canep.2012.04.007

Mohammed, A., Hassan, R., & Oladipo, F. (2022). Predictive modeling of cancer incidences using artificial
neural networks: A Nigerian case study. African Journal of Science, Technology, Innovation and
Development, 14(3), 563-570.

13|ABS)



Academy of Business Studies Journal ISSN: 1597-5878 VOL VIl Issue | November 2025 | ABSJ

National System of Cancer Registries. (2022). Annual cancer registry report: Nigeria. Federal Ministry of
Health.

Okoye, 1., Adedayo, 1., & Ekezie, J. (2023). Cancer in Nigeria: Emerging epidemiological patterns and
health system implications. BMC Public Health, 23(1), 1345.

Oleribe, O. O., Momoh, J., Uzochukwu, B. S., Mbofana, F., Adebiyi, A., Barbera, T., ... & Taylor-Robinson,
S. D. (2019). Identifying key challenges facing healthcare systems in Africa and potential solutions.
International Journal of General Medicine, 12, 395-403.

Rajkomar, A., Dean, J., & Kohane, 1. (2018). Machine learning in medicine. New England Journal of
Medicine, 380(14), 1347-1358. https://doi.org/10.1056/NEJMral1814259

Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, 1., Jemal, A., & Bray, F. (2021). Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers
in 185 countries. CA: A Cancer Journal for Clinicians, 71(3), 209-249.
https://doi.org/10.3322/caac.21660

Topol, E. J. (2019). A framework for developing Al tools for healthcare. Nature Medicine, 25, 44—46.

United Nations. (2023). Progress towards the Sustainable Development 2023: Special edition.
https://unstats.un.org/sdgs/report/2023/

World Health Organization. (2021). Cancer country profile: Nigeria.

World Health Organization. (2024). Noncommunicable diseases: Key facts.https:// www.who.int/news-
room/fact-sheets/detail/noncommunicable-diseases.

World Health Organization. (2020). WHO report on cancer: Setting priorities, investing wisely and
providing care for all. https://www.who.int/publications/i/item/9789240001299

Zhou, Y., Wang, F., & Zeng, W. (2020). Al applications in public health: Real-time surveillance and early
warning. Journal of Medical Systems, 44(7), 120.

Zhou, S., Tao, J., & Wu, L. (2021). Integration of Al with electronic health records for cancer prediction in
low-resource settings. Health Informatics Journal, 27(4), 14604582211058653.

WHO-AFRO. (2020). Framework for cancer control in the WHO African Region.
UNESCO. (2023). Artificial intelligence and the future of public health in Africa.

14|ABS)



