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Abstract- Disease outbreaks continue to strain major public healthcare systems, and early detection of disease outbreaks is 
essential for timely interventions, efficient resource allocation, and improved disease surveillance, particularly for respiratory 
infections such as influenza and COVID-19. Recent advances in machine learning (ML) have provided effective tools for 
analysing large-scale surveillance data, which includes case reports, laboratory-confirmed diagnoses, hospital admissions, and 
environmental variables, to support outbreak prediction and monitoring. This study presents a comparative analysis of the 
efficiency and effectiveness of supervised and unsupervised machine learning approaches to predict respiratory disease 
outbreaks. Moreover, a conceptual research design was adopted to eliminate the use of primary surveillance data or model 
implementation, and findings were synthesized from the existing studies. Supervised learning techniques, including Logistic 
Regression, Decision Trees, and many more, were compared with unsupervised approaches such as K-clustering based on their 
data requirements, predictive performance, interpretability, and practical applications. The study showcases the areas where 
both learning approaches shine distinctly, and also brings forth where they start to fall short. Overall, the study concludes that 
the choice between the two learning models depends heavily on the availability and quality of the surveillance data, and 
unifying both learning approaches into one single framework can offer the highest potential for epidemic prediction and 
surveillance quality. 
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1. INTRODUCTION 
 
1.1 Disease Outbreaks and Public Health Importance  
 
Disease outbreaks are the sudden escalation of an infectious illness that soon contributes to greater public health 
concerns, public safety, and negative impacts on healthcare infrastructure. Ultimately, the issue significantly concerns 
social and economic disruptions. Generally, it occurs when the number of disease cases exceeds the expected level within a 
particular population or geographical area during a specific period.  According to WHO reports, these types of disease 
outbreaks can be caused by vector-borne, food and waterborne, airborne, and unknown ethology (WHO, 2023). However, 
it can be limited if effective outbreak predictions and efficient medical resources can be provided on time. Early warning 
systems are particularly important for reducing transmission, minimizing the burden on hospitals, and protecting 
vulnerable populations (McGaughey et al., 2021).   
 

 
 

Figure 1.1.1: Deaths Caused by COVID-19 
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Source: (Fourreau, 2021)  
 
However, in reality, severe infectious diseases continue to pose challenges to global health systems, and still, the outbreak 
prediction system and early warning systems are not effectively implemented. For instance, Influenza outbreaks occur 
seasonally and contribute to substantial morbidity and 2,90,000 to 6,50,000 respiratory deaths worldwide (World Health 
Organization, 2025). Another example of the lack of outbreak prediction and early warning systems can be demonstrated 
with the recent COVID-19 pandemic. COVID-19 highlights how quickly respiratory pathogens can spread across regions 
and countries, resulting in increased hospitalization rates and pressure on healthcare infrastructure, and leading to several 
deaths (Figure 1.1.1). Similarly, cholera outbreaks also have been another “significant global health threat for over two 
centuries”, leading to over “40 million deaths” and continue to take over lakhs of lives each year currently (Mohamed et al.,  
2025), While predictive surveillance can mitigate the spread of many infectious diseases, respiratory infections remain a 
major area of concern because of their high transmissibility and frequent occurrence.  
 
Recent cases of respiratory diseases, including influenza, coronavirus infections, pneumonia, and other respiratory tract 
infections, account for a considerable proportion of global healthcare utilization. As their transmission can be influenced 
by multiple factors, including environmental conditions, population density, mobility patterns, and seasonal variations, 
their outbreaks have become an important objective for public health organizations to seek strategies and build a better 
response system as soon as possible.  
 

1.2 Surveillance Data in Disease Prediction 
 
Controlling disease outbreaks requires efficient surveillance systems that can continuously collect and analyse data. These 
systems can help by providing insights into disease occurrence, trends, and patterns over time. Routine surveillance data 
are commonly obtained through case notification systems, hospital admissions, laboratory-confirmed diagnoses, 
emergency department visits, and public health reporting mechanisms. 
 
Surveillance data are deemed highly valuable as they enable health officials to identify and analyse unusual increases in 
disease incidence. In many cases, it also helps in the early detection of an outbreak in its early stage. In the context of 
respiratory infections, surveillance data includes laboratory test results, hospitalization records, demographic data, and 
environmental variables such as temperature and humidity (Al-Tawfiq et al., 2014). Therefore, the availability of such 
information supports evidence-based decision-making and strengthens the disease monitoring efforts. 
 

1.3 Machine Learning in Public Health 
 
Machine Learning (ML), in general, is a branch of artificial intelligence that enables computer systems to perform various 
complex calculations. In the health sector, ML is implemented to identify patterns and make predictions based on previous 
observational data provided by hospitals, research labs, and health programs. Unlike traditional analytical approaches, 
which rely on predefined assumptions, ML algorithms can learn directly from data. This makes them suitable for analysing 
large and complex datasets. Moreover, the increase in volume of these datasets has created new opportunities for ML 
applications in epidemiology and the health sector. Surveillance datasets often contain information collected from multiple 
sources over long periods, which makes the overall analysis difficult and time-consuming. Implementation of ML allows 
these datasets to be processed much faster and more efficiently while also identifying old and new patterns, trends, and 
associations. 
 
ML techniques that are used for outbreak prediction are commonly divided into supervised and unsupervised learning 
approaches. Between them, supervised learning involves training algorithms using labelled datasets, where the outcomes 
are previously known regarding outbreak and non-outbreak periods (Kanevsky et al., 2016). On the other hand, 
unsupervised learning focuses on identifying patterns and groupings within data without relying on predefined labels. 
Both of these approaches are equally important in modern healthcare management and have gained significant attention 
in disease surveillance research 
 

1.4 Research Question and Objectives  
 

This study is based on the following question:  
 

1. How do supervised and unsupervised machine learning methods compare in predicting respiratory disease 
outbreaks using surveillance data? 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 13 Issue: 08 | Aug 2026              www.irjet.net                                                                         p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 90 
 

To address this question, the following objectives are followed as mentioned below: 
 

● To explain the principles and characteristics of supervised machine learning approaches used in disease outbreak 
prediction. 

● To explain the principles and characteristics of unsupervised machine learning approaches used in disease 
outbreak prediction. 

● To compare the strengths, limitations, and data requirements associated with supervised and unsupervised 
methods. 

● To propose a conceptual framework for selecting appropriate machine learning techniques for outbreak 
prediction. 

 
1.5 Scope of the Study  
 
This paper adopts a conceptual and comparative approach, drawing on existing literature to derive results. It does not 
involve direct data collection of original data, like hospital records or patient-level analysis. Instead, it gathers the findings 
of existing studies that have applied supervised and unsupervised machine learning methods to disease surveillance and 
outbreak prediction. Primarily, this paper addresses respiratory infectious diseases because they represent a significant 
public health burden and are frequently examined within machine learning research. By drawing a comparison between 
both supervised and unsupervised approaches, this study aims to provide insights into their practical applications, 
advantages, limitations, and suitability under different surveillance conditions. 

 
2. LITERATURE REVIEW 
 
2.1 Epidemiological Foundations of Disease Outbreak Prediction 
 
2.1.1 Disease Outbreaks and Epidemiological Terminology 
 
Epidemiology acts as the cornerstone of public health, providing the theoretical understanding for understanding disease 
occurrence, transmission, and control within populations. Straif-Bourgeois et al. (2023) state that epidemiology examines 
the distribution and determinants of health-related events to support disease prevention and public health interventions. 
Incidence and prevalence are the two most important epidemiological measures, where incidence represents newly 
occurring cases within a specified period, and prevalence indicates the total disease burden in a population, as seen in 
Figure 2.1.1.1. 
 

 
 

Figure 2.1.1.1: Conceptual Illustration of Disease Frequency Measures 
 
Source: (Wainger, 2026)  
 
Identifying and distinguishing outbreaks from endemic or epidemic conditions is essential for disease surveillance. As 
Riley (2019) suggests, endemic diseases occur at expected levels within populations, while epidemics involve a substantial 
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increase beyond normal expectations. To successfully transition from epidemic to endemicity, boosting immunity levels, 
increasing public health concerns and responses, and pathogen revolution are necessary, as Hadfield (2022) suggests. 
Hence, in surveillance practice, the outbreak threshold is considered a medium to identify abnormal increases in disease 
activity, marked as “early warning” systems to alert epidemiologists, as reported by WHO (2008). Additionally, Thayer et 
al. (2025) found that threshold-based approaches can facilitate earlier detection of disease transmission and improve 
public health decision-making. Similar findings are also presented by Thomson et al. (2023), as they highlight the 
importance of epidemiological indicators to mitigate disease burden and pandemic-level disease spread, while also helping 
with healthcare planning.  
 

2.1.2 Infectious Disease Surveillance Systems 
 
Public health surveillance systems play a critical role in monitoring infectious diseases and supporting outbreak 
preparedness by allowing authorities to map disease trends, detect outbreaks, and guide timely intervention.  Buehler et 
al. (2019) define surveillance as the continuous collection, analysis, interpretation, and dissemination of health data for 
public health action.  Figure 2.1.2.1 maps out these specific core functions, demonstrating how data collection flows 
systematically into core public health response mechanisms. Murray & Cohen (2017) also found that surveillance systems 
typically integrate information from case notifications, hospital admissions, laboratory reports, and mortality records to 
identify unusual disease patterns.  
 

 
 

Figure 2.1.2.1: Public Health Surveillance and Response Functions Overview 
 
Source: (Ricks et  al., 2022) 
 
Among these, respiratory disease surveillance has gained increasing importance because respiratory pathogens can 
spread rapidly across communities. In this matter, Al-Tawfiq et al. (2014) suggest that surveillance for emerging 
respiratory viruses is necessary for timely intervention and effective outbreak management. Similarly, Maleki et al. (2023) 
reported that continuous monitoring of respiratory viral infections provides valuable insights into transmission dynamics 
and changing disease patterns. The World Health Organization (WHO, 2024) reported that the Global Influenza 
Surveillance and Response System (GISRS) facilitates influenza monitoring, virus characterization, and pandemic 
preparedness, allowing for fewer life risks.   
 

2.1.3 Surveillance Data for Respiratory Disease Prediction 
 
Surveillance datasets contain real-life primary sources of information regarding outbreak prediction models. These 
sources can include weekly case counts, laboratory-confirmed infections, hospital admissions, demographic variables, and 
environmental indicators such as temperature and humidity, which could be used for disease outbreak prediction. Gao et 
al. (2025) further found that incidence-based surveillance data contain meaningful temporal patterns that can be exploited 
using machine learning approaches for early outbreak detection.  
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Figure 2.1.3.1: Comparative Seasonal Transmission Patterns and Global Impact of Dominant Respiratory Viruses 

 
Source: (Shuaibu et al., 2025) 
 
Acute identification and distinction between baseline disease activity and actual outbreak is particularly important 
because respiratory infections, like influenza or RSV, often overlap seasonal fluctuations and could also resemble outbreak 
conditions (Figure 2.1.3.1).  AbdElGawad et al. (2020) evaluated several methods, including CSEM, the Proposed WHO 
method, and the Moving Epidemic Method (MEM), for determining influenza baselines and thresholds and found that 
surveillance-derived thresholds can improve the detection of unusual disease activity. From these discussions, it is certain 
that reliable surveillance systems and robust epidemiological indicators provide the foundation for developing predictive 
frameworks and provide ground-level data to help with identifying respiratory disease outbreaks. 

 
2.2 Supervised Machine Learning in Outbreak Predictions  
 
2.2.1 Principles of Supervised Learning 
 
In modern and advanced healthcare, supervised machine learning is one of the most widely adopted AI approaches for 
disease prediction because it has repeatedly been trained using historical data with known outcomes. Al Meslamani et al. 
(2024) state that supervised learning algorithms establish relationships between input variables and predefined labels, 
allowing models to predict future outbreak events based on previously observed patterns. This enables distinguishing 
between common outbreak and non-outbreak periods, allowing models to classify future observations accordingly. As 
Kanevsky et al. (2016) illustrated in Figure 2.2.1.1, supervised machine learning consists of a multi-step pipeline spanning 
from initial data training and validation to the classification or prediction of novel outcomes, through which healthcare 
authorities can make new predictions related to outbreaks.  
 

 
 

Figure 2.2.1.1: Multi-Step Pipeline of Supervised Machine Learning 
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Source: (Kanevsky et al., 2016) 
 
Regarding the importance of this method, Zhang et al. (2024) suggest that supervised learning has become increasingly 
valuable for outbreak risk prediction due to its ability to integrate diverse epidemiological, environmental, and 
demographic variables into a single predictive framework. Similar views are also presented by Potnis & Tiple (2023), as 
they discussed how supervised learning techniques perform particularly well when trained using high-quality, well-
labelled datasets, making them a cornerstone in modern healthcare applications and better outcomes. However, the 
quality of data used for the supervised training is addressed by Al Meslamani et al. (2024), as they highlight the 
interconnected process of data collection, preprocessing, feature selection, model training, validation, and performance 
evaluation. Hence, the role of data quality plays a significant role in determining the predictive capability of supervised 
models. 
 

2.2.2 Common Supervised Algorithms in Epidemiology 
 
There are several supervised learning algorithms, such as logistic regression, decision trees, random forests, support 
Vector machines, and hidden Markov models, applied to infectious disease surveillance, and each of them offers prominent 
advantages based on the prediction tasks (Figure 2.2.2.1).  
 

 
 

Figure 2.2.2.1: Common Supervised Algorithms 
 
Source: (Self-Created) 
 
Logistic regression is one of the simplest and most interpretable approaches for disease prediction. Nopour et al. (2022) 
found that logistic regression effectively estimates disease probabilities by modelling relationships between multiple 
clinical and epidemiological variables, making it suitable for binary classification problems such as outbreak and non-
outbreak prediction. A decision tree classifier uses a recursive binary splitting approach to break down complex datasets 
into smaller and more uniform subsets. Regarding this, Battista et al. (2023) suggest that decision trees are particularly 
useful in public health surveillance because their graphical structure allows health professionals to interpret prediction 
pathways with more ease. Random forests further combat the high variance of individual models and create multiple 
subsets of the training data that learn from a slightly different set of observations. Aawar & Srivastava (2025) used 
Random Forest as an ensemble technique to combine predictions from multiple mechanistic models to maintain 
robustness and automated accuracy by bridging interpretable domain knowledge with data-driven machine learning, 
rather than relying on the forest to parse raw epidemiological interactions from scratch.  
 
Support Vector Machines (SVMs) have also demonstrated strong predictive performance in healthcare applications.  As 
Guido et al. (2024) state, SVMs are effective in analysing high-dimensional health datasets, and G et al. (2025) suggest that 
they perform particularly well in large-scale public health data where complex decision boundaries are required. 
Additionally, Hidden Markov Models (HMMs) are also used in epidemiology and bioinformatics to map the hidden states of 
disease on observable clinical symptoms or temporal disease patterns. Van Kessel et al. (2025) found that Poisson Hidden 
Markov Models successfully detected hospital outbreaks using routine surveillance data, whereas Zhou et al. (2021) 
demonstrated that HMMs can also analyse and visualize spatio-temporal COVID-19 transmission patterns. 
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2.2.3 Applications in Respiratory Disease Prediction 
 
As healthcare and disease outbreak management integrate modern technologies, especially AI, the application of 
supervised learning to respiratory disease surveillance has expanded considerably in recent years. Cheng et al. (2025) 
reported that supervised machine learning algorithms consistently achieve high predictive performance for COVID-19 
forecasting, especially after being trained using comprehensive epidemiological datasets. Likewise, G et al. (2023) 
reported that machine learning and deep learning models improve epidemic prediction by learning complex temporal 
relationships from COVID-19 surveillance data.  
 

 
 

Figure 2.2.3.1: Supervised Learning Approaches in Air Quality Monitoring 
 
Source: (Essamlali et al., 2024) 
 
It is especially useful in respiratory disease prediction because different environmental factors are also being incorporated 
into supervised prediction models (Figure 2.2.3.1). For example, as Ku et al. (2022) found, climatic conditions and air 
pollution variables significantly improve the prediction of respiratory disease occurrence when combined with machine 
learning algorithms. Algarni (2024) further suggests that supervised learning techniques can support the early detection 
of respiratory diseases by analysing multiple patient and environmental characteristics simultaneously. While all these 
indicate that supervised learning offers reliable outbreak prediction when labelled surveillance datasets are available, 
their effectiveness depends heavily on the availability of accurate historical labels and high-quality surveillance data, 
without which predicted outcomes might not be achieved.  
 

2.3 Unsupervised Machine Learning in Disease Surveillance  
 
2.3.1 Principles of Unsupervised Learning 
 
Unsupervised machine learning analyses datasets without predefined labels, enabling the discovery of hidden structures 
and relationships by grouping data points through their resemblance in characteristics, which is also known as a 
“clustering algorithm” (Figure 2.3.1.1). Several researchers, such as Wang et al. (2020) and Lan & Delmelle (2023), state 
that unsupervised ML systems have an effective impact in identifying latent disease clusters and patient subgroups from 
the given healthcare data. Moreover, it is highly valuable in disease surveillance when outbreak labels are unavailable or 
incomplete, making it suitable for exploratory epidemiological analyses. 
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Figure 2.3.1.1: Unsupervised Machine Learning 
 
Source: (Kanevsky et al., 2016)  

 
2.3.2 Clustering Techniques Used in Epidemiology 
 

 
 

Figure 2.3.2.1: K-Means Clustering Partitioning a Dataset into Three Distinct, Globular Patient Cohorts 
 
Source: (Schwartz, 2023)  
 

 
 

Figure 2.3.2.2: DBSCAN Algorithm Identifying an Irregularly Shaped Spatial Cluster while Filtering out Noise 
Points 
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Source: (Schwartz, 2023)  
 
Clustering algorithms are the most commonly utilized method in unsupervised ML systems in epidemiology. According to 
Garcia-Vidal et al. (2024), “k-means clustering” can identify clinically distinct COVID-19 patient groups, as illustrated in 
Figure 2.3.2.1, whereas Kuo et al. (2018) demonstrated that DBSCAN can also effectively detect spatial disease clusters. 
Unlike distance-based methods, DBSCAN is uniquely suited for geographic or non-globular tracking because it maps dense, 
arbitrary shapes while also categorizing background anomalies as unclustered noise points (Figure 2.3.2.1). Moreover, 
further studies conducted by Que & Tsui (2008), Jung et al. (2020), Zhang et al. (2022), and Li et al. (2021) suggest that 
spatial, temporal, and hierarchical clustering methods support the identification of outbreak patterns and transmission 
trends.   
 

2.3.3 Unsupervised Discovery of Disease Patterns 
 
Apart from clustering datasets, unsupervised ML systems also assist in the identification of disease subgroups and 
outbreak-prone regions. Bej et al. (2022) found that clustering reveals meaningful disease sub-populations, while Kumar & 
Gidisu (2025) also reported on the effectiveness in identifying epidemiological hotspots for targeted interventions. 
Moreover, Amin & Vellinga (2026) further suggested that unsupervised clustering can detect respiratory tract infection 
patterns. Therefore, these findings demonstrate the overall usefulness of unsupervised ML systems when labelled 
surveillance data is highly scarce.  

 
2.4 Evidence from Supervised Learning Studies  
 
2.4.1 Salmonella and Campylobacter Outbreak Detection 
 
Zacher & Czogiel (2022) appraised supervised ML models that utilise surveillance datasets to detect disease patterns, such 
as Salmonella and Campylobacter outbreaks in Germany. They found that these models have an improved outbreak 
detection system in comparison to traditional methods, with higher accuracy and lower false alarm rates. This study 
suggests that labelled surveillance data can enable algorithms to identify outbreak signals earlier. Additionally, it also 
supports timely public health interventions. 

 
2.4.2 Influenza Forecasting Model 
 
Several researchers, such as Tapak et al. (2019), compared different forecasting models that utilise surveillance data of 
influenza-like illness from healthcare centres across Iran. These authors found that machine learning-based models 
provide reliable predictions of influenza activity and support the detection of seasonal outbreaks at an early stage. This 
further solidifies that the effectiveness of these models depends largely on the quality and continuity of surveillance data. 

 
2.4.3 Nosocomial Infection Risk Prediction 
 
Researchers such as Chen et al. (2024) further examined the application of supervised machine learning methods to 
predict hospital-acquired infections through surveillance data. The authors’ findings suggest that algorithms like Random 
Forest and Support Vector Machine can accurately identify patients who are at high risk of infection by analysing 
demographic and clinical variables. This further suggests that supervised learning can implement strategies to detect and 
prevent infections. This also allows healthcare professionals to implement timely and targeted interventions. 
Therefore, these findings suggest that through supervised ML systems, it is possible to achieve accurate and reliable 
outbreak predictions. However, it is highly dependent on high-quality labelled surveillance data, which is also directly 
proportional to the value in infectious disease surveillance and public health decision-making. 

 
2.5 Evidence from Unsupervised Learning Studies  
 
2.5.1 Respiratory Tract Infection Clustering 
 
Amin (2024) conducted an investigation on the application of unsupervised machine learning for predicting respiratory 
tract infection (RTI) outbreaks in acute Irish hospitals using surveillance data collected between 2016 and 2021. The study 
findings suggest that clustering techniques were successful in grouping hospital admission patterns into distinct risk 
categories without requiring predefined outbreak labels. The identified clusters highlighted periods with increased RTI 
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activity, which demonstrates that unsupervised learning can support early outbreak recognition. Additionally, they 
provide further assistance to healthcare institutions in prioritizing surveillance and resource allocation. 

 
2.5.2 COVID‑19 Country Clustering 
 
Rizvi et al. (2021) applied clustering techniques to classify countries according to COVID-19 prevalence, healthcare 
capacity, and environmental indicators. Their study found that countries with similar epidemiological and socioeconomic 
characteristics formed distinct clusters, which enabled comparisons of disease transmission patterns across vast regions. 
The authors further suggest that country-level clustering can further help public health authorities to identify the shared 
risk factors and develop region-specific intervention strategies during large-scale infectious disease outbreaks. 

 
2.5.3 Geospatial Hotspot Detection 
 
Researchers such as Fatima et al. (2025) explored the spatial distribution of five major respiratory diseases in South 
Punjab, Pakistan, using geospatial clustering techniques. The study established significant disease hotspots that are 
consistent with higher infection rates and further distinguished high-risk areas from regions with lower burden rates. The 
findings of the study suggest that geospatial hotspot detection supports targeted surveillance, with efficient allocation of 
healthcare resources, and evidence-based public health interventions where detailed, labelled outbreak data are limited. 
Unsupervised ML systems are effective in identifying hidden disease patterns, spatial hotspots, and high-risk clusters 
without relying on curated datasets. The lack of human interpretation may lead to false categorization of data into clusters, 
which will require valuable human labour to make the datasets usable. 

 
2.6 Literature Gap 
 
Despite the increase in use of ML systems for the detection of infectious disease outbreaks, important research gaps 
remain. Both Bojja (2025) and Sogandi (2024) reported that most studies examine supervised and unsupervised learning 
separately, with few providing direct comparisons under similar settings, and there is limited evidence on how both 
approaches can be integrated successfully for outbreak prediction. Furthermore, Hamilton & Kelley (2021) and Wiemken 
& Kelly (2020) noted that supervised models dominate the literature despite their reliance on labelled data. Other 
researchers, such as Rudin et al. (2022) and Allen et al. (2023), emphasized the need for more interpretable models for 
public health use. Therefore, this study provides a conceptual comparison of both approaches for respiratory disease 
outbreak prediction using surveillance data.  

 
3. METHODOLOGY 
 
3.1 Research Design 
 
This study adopts a qualitative, conceptual research design that is based on a comparative review of published literature. 
This research synthesizes existing evidence to evaluate the effectiveness of supervised and unsupervised ML systems to 
predict respiratory disease outbreaks, and is not based on empirical studies, which require primary data collection and 
model development. The implementation of a comparative review allows the study to identify the differences in data 
requirements, predictive capabilities, interpretability, and practical applicability across both learning approaches. 
Furthermore, this study also relies heavily on peer-reviewed journal articles, conference papers, and reports from 
recognized public health organisations such as the WHO and AIMS. Hence, no original surveillance datasets, patient 
records, or experimental ML models were used. Alternatively, findings from previous studies are integrated to develop a 
conceptual framework for comparing supervised and unsupervised approaches in disease outbreak prediction. 

 
3.2 Surveillance Data and Prediction Variables 
 
ML models for disease outbreak predictions are heavily trained using routinely collected surveillance data from both 
healthcare and public health systems, with the addition of heterogeneous datasets, including environmental, social, and 
genomic sequence patterns in modern times, to improve forecasting accuracy (Villanueva-Miranda et al., 2025). Generally, 
the training data involves weekly respiratory case counts, hospital admissions, laboratory-confirmed infections, 
demographic information such as age and sex, and environmental variables including temperature, humidity, and seasonal 
trends. All of these factors are interconnected, creating a pattern of disease occurrence and transmission.  
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Especially in supervised learning, such surveillance records are labelled according to predefined outbreak thresholds to 
help with the pattern creation and enable distinguishing between outbreak and non-outbreak periods. However, it is not 
required in unsupervised learning, as it allows algorithms to discover naturally occurring clusters and hidden patterns 
within the data, without labelling them.   

 
3.3 Conceptual Framework for Supervised Learning and Unsupervised Learning 
 

 
 
Figure 3.3.1: Conceptual Framework for Comparing Supervised and Unsupervised Machine Learning Approaches 

in Respiratory Disease Outbreak Prediction 
 
Source: (Self-Created) 
 
The above Figure 3.3.1 highlights the conceptual framework used in this paper to compare supervised and unsupervised 
ML approaches. It begins with the root, i.e., routine respiratory disease surveillance data, including case reports, hospital 
admissions, laboratory-confirmed cases, and many more, which are processed through data cleaning to remove 
inconsistencies and select only the relevant ones for analysis. Then, the workflow diverges into two ML approaches, 
including supervised and unsupervised. In the supervised learning pathway, labelled surveillance data are used to train 
algorithms such as Logistic Regression and Decision Trees to predict future outbreak occurrences. Comparatively, the 
unsupervised learning pathway analyses unlabelled data using K-means clustering to identify groups of observations with 
similar characteristics, enabling high-risk cluster detection and potential outbreak-prone patterns. In the following 
chapter, both approaches will be evaluated based on their common ground, i.e., prediction accuracy, data requirements, 
interpretability, and practical applications,  so a thorough comparative discussion can be presented.  

 
4. COMPARITIVE ANALYSIS AND DISCUSSION 
 
4.1 Comparative Evaluation Criteria 
 
To compare both machine learning approaches, this study utilises four evaluation criteria, which are derived from the 
reviewed literature: data requirements, predictive performance, interpretability, and practical applications, as presented 
in Table 4.1. These criteria were particularly selected as they reflect the key characteristics that influence the effectiveness 
of both ML models during outbreak forecasting. The following sections discuss each criterion to evaluate the strengths, 
limitations, and practical applicability of both approaches in respiratory disease surveillance.  
 

Table 4.1: Comparison of Supervised and Unsupervised Machine Learning Approaches 
 

Criterion  Supervised Learning Unsupervised Learning 

Data requirement  Labelled surveillance data required  No labelled data required  

Predictive performance  Predict disease outbreaks when 
reliable labels are available   

Identify hidden patterns and 
clusters rather than making 
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direct predictions  

Interpretability  Outputs are generally easier to 
interpret, but complexities remain 

Cluster results are intuitive but 
require further interpretation   

Practical applications  Best suited for outbreak prediction, 
forecasting, and risk classification   

Best suited for hotspot 
detection, pattern discovery, 
and exploratory surveillance  

 
4.2 Data Requirements 
 
The overall effectiveness of ML models depends largely on the quality and the availability of surveillance data. In 
supervised learning, it is required to categorise datasets in which historical records are classified as outbreak or non-
outbreak events. Zacher & Czogiel (2022) found that the accuracy in labelling can significantly improve outbreak detection 
performance, while  Al Meslamani et al. (2024) further suggested that the absence of reliable labels can reduce the model’s 
overall effectiveness. In contrast, unsupervised ML systems do not require predefined labels and can naturally identify 
groupings within the data. Supporting this, Wang et al. (2020) further stated that this characteristic makes unsupervised 
models particularly useful in surveillance systems where outbreak labels are incomplete or unavailable. Therefore, 
supervised learning is more suitable for mature surveillance systems, whereas unsupervised learning is advantageous in 
resource-constrained settings.  

 
4.3 Prediction Accuracy and Performance  
 
Many researchers have admitted that supervised learning approaches demonstrate superior predictive performance due 
to being trained using historical outbreak information on labels. For example, Cheng et al. (2025) found that supervised 
algorithms achieve high prediction accuracy in COVID-19 forecasting, while Aawar & Srivastava (2025) reported that 
“Random Forest models” effectively forecast influenza outbreaks. Similarly, Chen et al. (2024) demonstrated that 
supervised models accurately predict nosocomial infection risks using surveillance data. However, unsupervised learning 
methods are not suitable for direct outbreak prediction, as researchers like Garcia-Vidal et al. (2024) and Amin (2024) 
addressed; while clustering techniques successfully identify high-risk groups and outbreak-prone periods, their outputs 
are exploratory rather than predictive. Hence, according to the previous information, supervised learning offers better 
forecasting capabilities, whereas unsupervised ones provide complementary insights into the disease patterns.  

 
4.4 Interpretability and Practical Application  
 
Interpretability of data is also an important consideration in public health decision-making because health professionals 
also rely on model outputs before implementing any intervention. According to Rudin et al. (2022), interpretable ML 
systems can improve transparency and trust in healthcare applications. For instance, models such as Logistic Regression 
and Decision Trees provide clear explanations of prediction outcomes, whereas more complex algorithms, including 
Random Forests and Support Vector Machines, are often less transparent despite their higher predictive performance 
(Guido et al., 2024). Moreover, unsupervised ML systems produce clusters that are visually intuitive and also useful for 
identifying diseased hotspots. However, these clusters often require additional epidemiological interpretation before any 
policy decision can be made (Lan & Delmelle, 2023). 

 
4.5 Best Practical Application of Both Approaches 
 
Neither supervised nor unsupervised learning is universally superior, as their suitability is conditional and is highly 
dependent on surveillance objectives and the availability of data. Supervised learning is most appropriate when labelled 
datasets are available and accurate outbreak forecasting is required. For instance, influenza prediction or hospital 
infection risk assessment. Conversely, unsupervised learning is better suited for exploratory analyses, hotspot detection, 
and identifying hidden disease patterns in datasets with limited labels (Amin, 2024). Bojja (2025) argues that a 
combination of both approaches can improve overall surveillance by implementing unsupervised learning to discover 
meaningful patterns and supervised learning to generate accurate outbreak predictions. Consequently, such hybrid 
strategies may provide a more comprehensive framework for supporting public health surveillance and disease outbreak 
management.  
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5. LIMITATIONS AND FUTURE WORK 
 
5.1 Limitations 
 
This study is subject to several limitations. First, it uses a conceptual and literature-based approach. The findings are based 
on evidence reported in previous literature rather than any empirical validation. Therefore, it does not include any 
primary data collection or implementation of machine learning models that use real-world surveillance datasets. Secondly, 
the review focuses primarily on respiratory disease outbreaks, which limits the general usability of the findings to other 
existing diseases with different transmission patterns. Additionally, surveillance data are often affected by under-
reporting, missing values, reporting delays, and inconsistencies, which also influence the overall performance of both 
machine learning models. 

 
5.2 Future Work 
 
Before conducting further studies, future research should validate the proposed conceptual framework using openly 
available respiratory disease surveillance datasets, such as influenza or COVID-19. Implementing comparative 
experimental studies will allow future researchers to evaluate both learning algorithms under identical conditions. It 
would provide a stronger understanding of their performance. Furthermore, implementing explainable artificial 
intelligence (XAI) techniques may improve model transparency and also increase the confidence of health professionals in 
ML-based decision-making. And finally, combining both learning approaches  within a hybrid surveillance framework will 
also provide a promising direction in the enhancement of early outbreak detection and public health preparedness. 

 
6. CONCLUSION 
 
Machine learning in modern healthcare and management has emerged as a valuable asset by strengthening disease 
outbreak prediction and saving millions of lives using large and complete surveillance datasets. This study draws on the 
comparison between supervised and unsupervised machine learning approaches for predicting respiratory disease 
outbreaks using evidence from published research of the last 20 years. The thorough review highlights that supervised 
learning generally provides higher predictive accuracy with the help of reliable labelled surveillance data, which makes it 
suitable for outbreak forecasting and risk assessment.  Unsupervised learning is equally effective, even if it is not suitable 
for direct outbreak prediction. This learning approach is used to identify hidden patterns, disease clusters, and 
geographical hotspots, even without labelled data. However, both approaches pose limitations, as their effectiveness 
depends on surveillance data quality, public health objectives, and available resources. Hence, it is better to use a 
combination of both of these methods to gain a more accurate prediction. Nonetheless, ML has achieved great success in 
improving disease surveillance and supporting timely public health decision-making, with continuous training to expect 
far greater results in the future.   
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