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ABSTRACT 

Birth, death, marriage, and divorce statistics are essential for population studies and primary 

factors for public health strategy and evaluation. The application of Artificial Intelligence (AI) 

in evaluating and interpreting statistics significantly accelerates the process and enhances 

precision. Machine learning and deep learning, for example, can provide methods for big data 

analysis, filter out variance that would otherwise be confusing, and find correlations that 

otherwise would not have been seen with the naked eye or other analysis methods. Looking at 

the state of the topic of vital statistics analysis in the present, the problems of gaps in data, their 

quality, and relevance come to the foreground. It showcases AI solutions in data enrichment, 

live analysis, and inventive approaches such as NLP and predictive analysis. Using data from 

elements that define clinical conditions like blood pressure and heart rate, AI will give a better 

picture of population health. It enables monitoring of the onset of sicknesses such as 

hypertension. This paper employs case studies across different countries to explain how AI has 

helped enhance the quality of collected public health data and helping improve policies. It is 

recommended that future studies aim to eradicate the existing hurdles, including data 

aggregation from multiple sources and AI model bias, to harness AI potential in the sphere of 

public health. 

 

Keywords: Artificial Intelligence, Vital Statistics, Public Health, Data Analysis, Machine 
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INTRODUCTION 

Administrative vital demographic statistics involve birth, mortality, marriage, and 

divorce data. Such statistics are very relevant because the government uses such elementary 

information in decision-making and evaluating health-related performances. By assessing these 

facets of life, public health agencies can then catch patterns in diseases’ frequency and thus 

support and advance worthy endeavors. For example, evaluating birth and death rates is 

essential in planning and implementing proper health strategies since they are valuable in 

displaying population growth rates, diseases, and life expectancy. When integrated into public 

health, AI applications might help radically transform the approaches towards analyzing and 

using vital statistics. Machine learning and deep learning algorithms enable more efficient big 

data processing with reduced variability. This capability is instrumental in overcoming the 

challenges these current vital statistics analyses pose, including data gaps, quality, and 

relevancy. AI-driven data enhancement can help improve data quality by finding and correcting 

errors humans may have missed. Basic vital statistics classic data elements are birth, death, 

marriage, and divorce data that are core to federal health strategy and assessment. VS scope is 

broad enough to include clinical specifications like blood pressure, heart rate, and pulse, 

providing a more sophisticated picture of public health trends. For example, monitoring the 

trend of blood pressure can help determine the rates of hypertension in a region, address them 

effectively, and reduce cardiovascular diseases. Techniques such as the use of pulse oximetry 

and ECG monitoring may assist in identifying complications of arrhythmias early enough. 
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Including such indicators with AI in one health can transform how data can be processed, 

efficiently monitored, analyzed, and predicted for health interventions, providing precision and 

effectiveness to all health strategies and positively and significantly impacting population 

health. It can also help complete the data when it has missing data and identify patterns that 

might not be identifiable manually. Furthermore, AI also analyzes data in real-time, making it 

possible to harness more timely data to enhance decision-making. For instance, with the help 

of AI, independent from the usual predictive analytics that evaluate or predict health in terms 

of specific criteria, one can see trends and outcomes and be ready to prevent instead of 

responding to a health issue. 

 

Motivation for the Survey 

A review of research on AI in analyzing vital statistics has revealed that numerous 

methods have been developed, each with its merits and demerits. The present study is therefore 

significant as it seeks to provide a mapping of the existing literature by surveying the state of 

HSR by providing a quantitative comparison of the different approaches, followed by a detailed 

opensource analysis and discussion that can assist other researchers and practitioners who 

would wish to undertake similar or related studies shortly (Polevikov, 2023). Despite the 

abundance of approaches for knowledge organization, no common knowledge would 

distinguish these approaches and their strengths and weaknesses. Thus, the article’s primary 

goal is to shed light on AI’s present-day applications and to define fuller avenues of 

improvement for digging into the impressive statistical techniques that can assist users in 

increasing capacity, improving understanding, and moving forward in areas that demand 

further advancements. 

 

Purpose of the Article 

This paper aims to showcase how AI may help overcome the problems of modern 

analysis of vital statistics at the moment, including increasing the scope, accuracy, and 

immediacy of the data in question with the help of modern algorithms and predictive analytics. 

Besides, it will also reveal methodological innovations like machine learning and deep belief 

learning that assist in attaining unique viewpoints and real-time data processing that enhance 

the dissemination and attribute of public health information, as highlighted by Wang et al. 

(2021). The article will also consider the implications that stem from advancing the scope of 

the application of AI in improving the quality and the utility of crucial statistics for public 

health interventions and policies. Moreover, it will discuss the potential ethical challenges, 

including data privacy, AI-driven algorithms' impact, and explainable and responsible AI 

(Schwalbe et al., 2020). The paper will also provide recommendations that aim to further 

research on the precondition for using enhanced methods within the field of public health and 

vital statistics to strengthen the ability of the field to use the ethical prospect of AI tools across 

the world. 

 

LITERATURE REVIEW 

 

Current State of Vital Statistics Analysis 

The adoption of VS has grown due to the advancement of technology and research in AI. 

These methods apply a broad range of structured questionnaires, and there is a strict protocol 

on how such information as birth, death, marriage, and divorce should be collected from 

hospitals, clinics, and registries, as viewed by Arias et al. (2021). The gathered data are then 

summed up and quantitatively analyzed using descriptive statistics to establish trends over 

time. However, this approach has drawbacks, such as reporting lagging data, transcription 

errors, and difficulty aggregating data from different sources (Barco et al., 2020). Besides, 
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traditional methods are also incapable of effective large-scale data management and do not 

support real-time analysis. 

 

Difficulties with Vital Statistics Data Analysis 

Current approaches to assessing vital statistics present several severe points that hamper 

the process. A significant concern is that information is sometimes fragmented; methods used 

in storing and organizing data leave out a lot of information due to poor reporting systems and 

practical challenges. Another critical issue is accuracy; manual data entry methodology is error-

prone because slight differences in standards and definitions of a particular variable may lead 

to huge disparities across different countries and organizations (World Health Organization, 

2020). Another challenge is the timeliness of data, whereby there are long delays in reporting 

and processing data used to address issues of importance in ensuring adequate public health 

interventions. Furthermore, traditional approaches cannot combine databases from different 

sources. Hence, isolated data sets/mined data does not give a holistic view of public health 

status (Salvatore, 2021). These challenges are further magnified by the overload of data 

produced in current healthcare settings, which standard tools need to be more capable of 

processing optimally. Thus, these shortcomings hamper the decision-making process of public 

health officials, resource allocation, and relevant, timely actions toward improved epidemic 

intelligence, calling for better and innovative composite analysis methods. 

 

AI in Public Health 

AI technologies are widely discussed regarding their usage in public health, and 

Jungwirth et al. (2023) indicate considerable progress and positive effects. Prediction of 

diseases has subsequently seen an improvement due to AI. At the same time, the accuracy of 

diagnosis has also received a push through machine learning algorithms that sort through large 

databases in search of outliers and patterns. MacIntyre et al. (2023) show that using AI makes 

it possible to process multiple types of health-related information and provides a more 

comprehensive and quicker identification of knowledge. For instance, AI techniques have 

performed exceptionally well in predicting the incidence of contagious diseases such as flu and 

COVID-19 and the destructive impacts that can arise from such diseases (MacIntyre et al., 

2023). Also, the imaging and diagnosis applications were very accurate in diagnosing certain 

diseases, including cancer or diabetic retinopathy. Preventive and anticipatory care delivery are 

also cited as enabled by AI, through which a patient’s interventions are made depending on 

their demographic data (Giansanti, 2022). Issues on diversity in AI models, data protection, 

and the legal aspects vital to the proper usage of AI in enhancing health systems’ efficiency 

persist today. 

 

Gap in Literature 

Although the literature on the utilization of AI in public health has received much 

attention, there are few existing published works on using AI in conjunction with vital statistics. 

Despite the initial successes in disease prediction, diagnostic imaging, and individualized 

healthcare, the application of AI in extending, consolidating, and optimizing the use of valuable 

life statistics has yet to be adequately investigated (Panayides et al., 2020). As the exploration 

of Nauman et al. (2020) reveals, there is little awareness of the issues related to human vital 

statistics, including the requirements for real-time computing and diverse data amalgamation 

and the need to enhance both the precision and the totality of the data (Nauman et al., 2020). 

Moreover, there is little research on variations of AI models that focus on the peculiarities of 

public health, including underreporting or interstate standardization of data, as evaluated by Lv 

et al. (2022).  
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AI Technologies in Vital Statistics: A Comparative Study 

Data Processing with AI 

Due to the automation of data cleansing, integration, and management, it is possible to 

use AI technologies as applicable technologies to improve data processing in vital statistics. AI 

algorithms can improve from past entries and adjust any mix-ups made, anticipate missing 

values, or assist with the issue of different data sources by acquiring them to a typical 

organization (Emmanuel et al., 2021). For example, using machine learning algorithms, it is 

possible to find anomalous values that may signify errors, while in natural language processing, 

extracting specific data from texts such as Mimio, medical histories, and Twitter, among others, 

can be achieved (Vandeghinste et al., 2023). Furthermore, the integration tools based on 

artificial intelligence allow Information scientists to integrate information from different 

databases and have an array of data regarding overall trends in public health that may be 

beneficial (Zeng et al., 2021). Real-time data analysis ensures that any changes in the 

information are easily noticed, appropriate changes can be made, and proper responses to the 

public can be made on issues of health (Raj, 2020). The following flowchart depicts the general 

AI data operation pipeline, consisting of stages like data aggregation, cleaning, unification, 

modelling, interpretation, and presentation; thus, the large vital statistics datasets could be 

effectively coordinated and controlled throughout the workflow. 

 

 
Figure 1: Flowchart of AI Data Processing Workflow 

Source: (Zeng et al., 2021) 

 

AI Models and Algorithms 

Employing various AI models and algorithms may also improve the analysis of vital 

statistics. One can analyze historical data and make predictions for further classification using 

tools like decision trees and support vector machines. Neural networks or deep learning models, 

in general, are used to establish the complex relationships inside and between various data sets 

and are well applicable to predictive public health analysis (Solares et al., 2020). The 

forecasting method often involves using historical data, enabling experts to establish various 

trends related to public health and intervene before they happen. For example, regression 

models used to analyze the number of disease occurrences and environmental conditions can 

be used to predict the likelihood of an outbreak (García-Carrasco et al., 2021). Relative to these 

models, such characteristics as accuracy, time for processing, and number of computations are 

essential. Most models within this group are fast in prediction and are of average precision, 

while a neural network is slower in prediction but of superior accuracy (Keyur, 2024). 
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Predictive analytics models are nondiscretionary, balancing the need to forecast accurately 

while maintaining a reasonable resource demand. Table 1 below shows how various AI models 

perform in analyzing the given statistics on vital status. 

 

Table 1: Performance Comparison of AI Models in Vital Statistics Analysis 

AI Model Accuracy Processing 

Time 

Computational 

Resources 

Decision Trees Moderate Fast Low 

Support Vector Machines High Moderate Moderate 

Neural Networks Very High Slow High 

Regression Models High Moderate Moderate 

Predictive Analytics High Moderate Moderate 
Source: (García-Carrasco et al., 2021) 

 

Case Studies 

Some of the specific case studies give evidence of how AI has been effectively integrated 

with some of the vital statistic measures, provoking the magnitude of the changes in public 

health in general. Machine learning AI systems were able to outperform the mortality data 

classification by folding quantitative data from different sources, improving the quality of 

mortality data significantly (Sevakula et al., 2020). Another example from India shows how AI 

can play the role of surveillance in maternal and child health (Hunt et al., 2020). EHR data was 

analyzed using AI algorithms to determine whether pregnant women were at risk of adverse 

outcomes and received appropriate care promptly, thus cutting MMR (Patel, 2023). In African 

countries like Kenya, Izulla et al. (2023) AI has been used to assess birth and vaccination data 

to gather more comprehensive and accurate information necessary to develop adequate 

strategies and policies to address the issue. 

 

RESEARCH METHODOLOGY 

 

Innovative AI Techniques 

Several emerging AI methodologies can transform the data analysis of these vital stats. 

One such technique is natural language processing, when analysts and data scientists extract 

and analyze unstructured data from sources such as patients’ medical records and social media 

feeds (Li et al., 2022). Another discovery is deep learning models, particularly Convolutional 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), as they are consistent in 

pattern and trend analysis in big data sets (Devaraj et al., 2021). Optimization techniques such 

as reinforcement learning, a type of artificial intelligence that employs a trial and error 

approach, seek to determine which strategy is most effective and can be used in health resource 

distribution and the choice of interventions (Antonopoulos et al., 2020). Moreover, time series 

predictions and anomaly detection algorithms will detect outliers and other abnormalities, 

suggesting new epidemiologic threats or data integrity issues (Skelsey, 2021). Altogether, these 

techniques and real-time data processing capacities allow for a more agile, excessive, and 

potent approach to public health analytics, ensuring proper time-bound and accurate data 

insights suitable for excellent decision-making and course formulation. 

 

Categorization of Existing Methods 

Analyzing essential statistics with the help of AI can vary depending on several 

classifications, including concepts, objectives, datasets, experiments, and challenges. Some of 

these are conventional algorithms like machine learning, deep learning, language technologies, 

and predictive analysis. Methods from 2023 and 2024 have seen fresh trends like reinforcement 
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learning and the incorporation of real-time data into the model. Each category serves different 

purposes: It is used for basic predictive models, deep learning for complex motifs, NLP for 

extracting data from unstructured data, and predictive analytics for trends. Such categorization 

is helpful in analyzing the existing AI applications in the computation of vital statistics. Also, 

it offers a more structured format for assessing the efficiency of each of the mentioned methods. 

Some of the standard algorithms in the category of machine learning algorithms include 

decision trees and support vector machines (SVMs). Decision trees are accessible and 

interpretable, but their performance might be better if used on large and complicated data sets. 

SVMs are accurate and better than other models but require more training resources. Neural 

net and the Convolutional neural network (CNN) are beneficial for most large-patterned data 

sets. But they are computationally intensive and are often regarded as black boxes; hence, they 

have poor interpretability. RNNs and transformers are common for unstructured data, like 

electronic health records, and have issues related to data privacy and incorporation (Wang, 

2022). Forecasting models utilize past information through statistical analysis to come up with 

future patterns with high precision, although they may have shortcomings in the handling of 

real-time data. 

 

Accuracy and Reliability 

Aboah (2022) evaluated AI increases the efficiency and reliability of VN Start by 

checking the data and supplementing the missing values automatically. Information collected 

by conventional approaches is typically vulnerable to human interference, irregularities, and 

omissions (Aboah, 2022). Sophisticated algorithms like Machine learning and Deep learning 

can process extensive amounts of data to identify disparities that suggest an error has occurred 

and subsequently correct it, as indicated by Janiesch et al. (2021). Furthermore, predictive 

analytics can predict patterns expected to appear and search for outliers, and hence, the results 

are more accurate and reliable (Langone et al., 2020). The following table compares the data 

precision after and before the application of transition accompanied by AI technologies. 

 

Table 2: Comparison of Data Accuracy and Reliability Before and After AI 

Implementation 

Metric Before AI Implementation  After AI Implementation 

Data Completeness (%) 85 98 

Error Rate (%) 10 2 

Consistency Index 75 95 

Timeliness (days) 30 5 
Source: (Langone et al., 2020) 

 

Real-time Data Analysis 

In vital statistics and public health, Baclic et al. (2020) demonstrate that the time-series 

analysis capabilities that underlie AI are most valuable. Based on the processing of real-time 

data flows, it is possible to determine trends, and a response can be provided as soon as 

possible, thereby preventing the further spread of diseases. A range of trends including the 

detection of diseases, the spread of diseases, and various interventions carried out at the time 

of disease spread can all be implemented in real-time (Baclic et al., 2020). Such specifics play 

a critical role in evaluating the need for resource use and when to embark on preventive 

measures (Ye, 2020). Moreover, real-time data can provide accurate information for vital 

statistics not only because time is the most critical parameter but also to avoid data 

inconsistency (Allam et al., 2020). For example, integrated analytics and BI tools can 

conveniently provide insights into the present day’s health trends for the health departments to 

understand (Morgenstern et al., 2021). The use of AI in real-time data processing not only 
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increases the level of interaction of public health systems but also increases the relevance and 

added value of statistical indicators, which would lead to the overall improvement of 

population health and the proactivity of measures taken within public health. 

 

Ethical Considerations and Challenges 

Data Privacy 

Sandeepa et al. (2023) revealed that transferring AI into interpreting vital statistics 

presupposes unearthing numerous privacy-related issues in managing personal health 

information. Health data involves some highly personal information, which requires measures 

to be taken to protect the individual's identity and the data from unauthorized access and 

disclosure (Duckert et al., 2022). A significant risk to data management and storage is 

unauthorized access, which can result in abuse of the information (Duggineni, 2023). AI 

systems depend partially on big data sets for training and running, escalating the probability of 

health information breaches if not controlled (Gabrie, 2023). Preventing personally identifiable 

information from being included in the analyzed results can minimize these risks; hence, data 

anonymization plays a crucial role in the risk management (Zuo et al., 2021). Moreover, data 

should be processed transparently regarding collection, storage, and usage to ensure people’s 

trust. Ethical handling also requires consent from users of the information collected so that they 

can understand how their information will be used and the safeguards in place for the 

information (Chang, 2021). Furthermore, AI algorithms must be designed to meet the legal 

requirements of data protection, for example, in the EU, where the General Data Protection 

Regulation (GDPR) limits the use of data and the rights of individuals. 

Bias in AI 

Bias within AI algorithms is crucial, especially within life-critical data in stats and 

general health. The default development of training datasets for AI models contains data 

potentially biased toward societal imbalances and injustice (Pagano et al., 2023). Lack of equal 

representation, therefore, means that these biases will result in inaccurate analysis and 

perpetuation of imbalanced health outcomes (Giovanola et al., 2023). For instance, if an AI 

model is trained with data that has more data input from one group than the others, then the AI 

will have prejudiced outcomes and provide patently unfair health care and treatment and 

resource distribution. To tackle these problems, they point to adequately addressing the 

diversity of training sets comprising all the potential population.  

Further, the use of Fairness-aware ML helps realize the presence of bias and, thus, 

prevents biases from being assimilated into the models (Akter et al., 2021). Systematic checks 

and assessments of AI systems need to be implemented to identify such biases and prevent the 

AI system from rekindling unjust preconceptions or unfair discriminations. Bias could also be 

reduced through AI explainability to representatives of different departments and the 

involvement of ethicists in the AI processes and decision-making. 

Regulatory Challenges 

The public health application of AI has regulatory concerns linked with legal and ethical 

concerns and awareness when dealing with big data sets. A key consideration is the differences 

in the legal frameworks regulating data protection in specific regions, including the European 

Union GDPR rules and those of the United States Health Insurance Portability and 

Accountability Act (Smuha, 2021). To meet these requirements, developers of AI systems must 

adopt standard processes for data masking, protection, and data utilization communication. 

There is also uncertainty regarding regulatory compliance because strategies for applying AI 

to health information are not clearly defined. Therefore, it is critical for regulatory authorities 

to develop a more expanded policy guidance that clarifies the proper use of AI, schedules 

timely checks, and includes consequences (Murdoch, 2021). Additionally, transparency in the 

decision-making dynamics of AI and other such applications will be critical for the 
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organization to ensure regulatory compliance and customer acceptance. The following table 

will present the main regulatory requirements for AI utilized in public health data. 

 

Table 3: Key Regulatory Requirements for AI in Public Health Data 

Regulation Key Requirements 

GDPR (EU) Data anonymization, user consent, data protection impact 

assessment 

HIPAA (US) Patient data confidentiality, security measures, breach notification 

National Laws Compliance with local data protection and privacy laws 

Ethical Guidelines Transparency, accountability, bias mitigation 

Source: (Smuha, 2021) 

 

Approaches and Challenges 

Vital statistics analysis can cover various methodologies such as machine learning, deep 

learning, natural language processing, or even predictive analytics. Each approach has its 

difficulties, including addressing gaps in the data, ensuring the data is accurate and continues 

to remain so, and combining data from different sources. The datasets involved in these 

analyses are as varied as the demographics whose information they hold. They include 

elements as simple as dates or IDs and as complex as the clinical notes themselves, which bring 

their challenges in consistency and completeness (Houssein et al., 2021). The evaluation 

criteria differ and range from the accuracy and timeliness of the information to the concerns 

related to ethics, such as data privacy. These methods are applied practically in health 

monitoring, disease surveillance, trends analysis, and resource planning, which are vital 

components in improving the health sector. 

Existing Confusions 

Prior studies on the application of AI in vital statistics are sometimes isolated and 

scattered; therefore, the effectiveness and the usability of the methods vary, leaving individuals 

uncertain about which approach to take. Incoherent datasets, various methods of evaluation, 

and differing conceptualizations further obscure this framework. For instance, regional 

differences in data collection methodology are capable of causing significant differences in 

results. Likewise, differences in the evaluation criteria leave much ambiguity with evaluating 

methods and comparing one to another on some relative basis. To remove these challenges, 

this survey presents the mission of defrosting the concept of AI utilized in essential statistics, 

which will help construct a concrete groundwork for upcoming research. 

 

RELATED WORK 

 

Successful Integration 

The success of adopting AI in the computation of vital statistics in different parts of the 

world exemplifies AI's effectiveness in advancing public health. In the USA, machine learning 

models have been introduced in the CDC to refine mortality reports and allow better responses 

to public health threats and policymaking. In its application in the healthcare system in India, 

machine learning has dramatically supported maternal and child management, recognition of 

complicated pregnancies, and a subsequent decline in maternal mortality (Mennickent et al., 

2023). The UK’s National Health Service (NHS) also uses artificial intelligence in its decision-

making since it is effective in diagnosing diseases at an early stage and directing resources 

(Sheikh et al., 2021). In Kenya, for instance, the platforms employ artificial intelligence in 

tracking birth and vaccination records as a way of optimizing record keeping and tracking, 

thereby strengthening the efficiency of the healthcare systems. Another area in which Brazil 
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integrated AI lies in the healthcare industry; the latter employs it as a tool for monitoring large 

amounts of health data to learn and prevent diseases such as Zika or dengue fever. 

 

Effects on Public Health Choices 

The application of AI technologies has been direct. It differs from traditional practice in 

changing the fundamental nature and overall appearance of primary vital statistic data that 

serves as a basis for drawing up public health policies. Better data quality implies targeted 

changes in the policies to the situation in the health sector, which can be spotted due to the 

availability of better information. For instance, health complications may be predicted by AI 

and Machine learning to perform predictive activities, diseases are detected early, and 

resources can be directed to handle the disease (Ahmed et al., 2020). The possibility of working 

with such data simultaneously allows for the prompt change of health policies based on the 

tendencies observed, thus increasing the reactive and efficient aspects of the given state’s 

health policies. Also, it has facilitated targeted efforts in public health as a result of using AI to 

identify populations most at risk and apply suitable programs to this category. 

 

Future Potential 

The advancement of developing AI with this critical demographic information has the 

potential for future public health developments. Advanced data integration will eliminate the 

fragmentation of various sources of health data leading to better scope in public health 

information (Wang et al., 2021). Sophisticated and complex predictive models are more 

accurate at estimating health trends and prognosis, which can benefit early intervention in 

healthcare. By implementing this solution, it is possible to monitor health events in real-time, 

which means that timely measures can be taken when needed, as viewed by Byrd et al. (2020). 

Applying medical information about individuals will result in tailored public health 

interventions that can be designed as unique healthcare solutions (see Figure 2). Furthermore, 

the global insights on health generated through AI are helpful in collaborating and assessing 

emerging crises in the worldwide community.  

 

 
Figure 2: Conceptual diagram of future AI applications in vital statistics 

 

DISCUSSION 

 

Experimental Results 

Examining the general results and findings from multiple cases and methodological 

advancements demonstrates various achievements in using AI in public health data analysis. 

Real-life experiences from multiple countries such as the USA, India, UK, Kenya, and Brazil 

have shown how using AI technologies can improve the quality of statistics such as timeliness, 

accuracy, and completeness. The use of AI to analyze data has helped improve the quality of 

datasets because the information provided is mainly accurate, thereby minimizing errors and 

gaps that may exist. Early detected health trends have been achieved through predictive 

analytics, which has paved the way for public health intervention. Real-time data processing 

has enhanced reaction timeliness in health interventions, so the response entails the latest policy 

information (Liang et al., 2022). Also, new AI approaches such as NLP and deep learning 

methods have helped to obtain more comprehensive data from unstructured sources, which 
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gave a better understanding of public health concerns. Therefore, AI’s flexibility and efficacy 

in varying geographical locations support the idea that its use will enhance public health. The 

following table highlights some of the major conclusions drawn from these cases. 

 

Table 4: Summary of Key Findings from AI Integration in Vital Statistics 

Country Key Improvements Impact on Public Health 

USA Enhanced mortality data accuracy 

and timeliness 

Improved policy-making and resource 

allocation 

India Monitoring maternal and child 

health 

Reduced maternal mortality through 

timely interventions 

UK Early disease detection and resource 

optimization 

More efficient healthcare delivery 

Kenya Comprehensive birth and 

vaccination records 

Better healthcare planning and delivery 

Brazil Predicting and controlling disease 

outbreaks 

Effective outbreak management and 

prevention 
Source: (Liang et al., 2022) 

 

Strengths and Limitations of AI in Vital Statistics 

Besides expert opinion, statistical analysis and simulation are important to justify the 

arguments made on the advantages and disadvantages of each of the methods. For example, 

SVMs in determining health outcomes have been found to provide accuracy of 85-90% 

compared to neural networks, which can be up 95% but at extra cost in computer processing 

(Kurani et al., 2023). Real-time data integration methods are also evident to enhance timeliness 

from week to hour. These quantitative results re-assert the assertion made in the qualitative 

analysis that the choice of method must be made based on the type of public health application 

necessary helps to increase the quality, timeliness, and comprehensiveness of the data needed 

for critical public health monitoring and decision-making in identifying disease trends, the 

effectiveness of preventive measures, means of early detection of various diseases, and the 

prioritization of available resources. Its capability to handle an enormous amount of data and 

make conclusions from unstructured information characterizes comprehensive public health 

perceptions.  

Nonetheless, AI feeds on quality input data, and its algorithms may be opaque. 

Introducing AI into large public healthcare infrastructure entails more technical factors and 

concepts to fill and can result in additional complications. Some of them are integrating the 

new AI systems into the existing Health Information Systems that lack the interfaces and proper 

data formatting required for integration. Additionally, the costs and resources needed to 

implement AI technologies are another limitation, as such technologies might not be accessible 

to organisations in the low-resource setting. There are numerous functional issues, such as a 

lack of special programs to train healthcare providers on how to utilize artificial intelligence 

tools and a lack of understanding on how to deal with AI-derived data (Hashimoto et al., 2020). 

Also, AI models depend on robust, comprehensive databases that are not well developed in 

today’s public health care settings. To address these challenges, there is a need to upgrade the 

health IT systems, the standard data format for sharing amongst stakeholders, and adequate 

incentives for public health workforce professional improvement programs. Technology 

suppliers, healthcare stakeholders, and policymakers must join hands to foster an enabling 

room for AI innovation and implementation in public healthcare delivery. 

 

 

 

http://www.ejsit-journal.com/


European Journal of Science, Innovation and Technology 

www.ejsit-journal.com 

 

 
194 

RECOMMENDATIONS 

The following are specific, actionable steps that practitioners and policymakers should 

take to integrate AI into the vital statistics for public health. Firstly, assessments and 

implementations should be made to ensure the compatibility and integrated operation of AI 

applications in each healthcare facility. Such data from other systems shall be shared by 

standard external formats and APIs for integration purposes (Wang et al., 2021). Second, 

acquire new hardware or modify existing hardware to deploy as many new AI applications as 

possible while considering scalability and reliability. This is true for many technologies such 

as cloud and other hosted solutions like advanced data analytical tools. 

Third, develop complex educational plans for health care professionals, especially 

regarding artificial intelligence and big data initiatives. Such programs should include ongoing 

education to ensure participants align with current technological developments. Fourth, GDPR 

contextually defines concrete rules and frameworks of data protection regarding its processing 

and utilization in AI within the field of public health, as viewed by Byrd et al. (2020). This 

entails compliance with specified frameworks such as GDPR, HIPAA, and others and 

promoting transparency and accountability in AI. 

Moreover, it creates interdisciplinary collaborations with technology industries, 

academic institutions, and healthcare organizations. Such partnerships may foster innovation 

and, at the same time, present a more realistic experience of the application of artificial 

intelligence. Finally, build models and prototypes of AI projects as testbeds for the applications 

intended to be deployed across a specific organization or industry. By engaging with these 

pilots, one can find problematic areas, tune the algorithms, and show the audience the positive 

impact of AI on the community’s well-being. 

 

CONCLUSION 

This paper emphasized the prospects of AI in VS by illustrating how AI solutions enrich 

dimensionality, improve the quality and availability of statistical data, and contribute to the 

development of effective healthcare policies. The case studies performed in various areas 

showcased AI efficiency in tracking the condition of pregnant women, identifying the early 

signs of illness, and distributing resources most effectively. It was demonstrated that new 

methods like natural language processing and deep learning can analyze vast stores of big and 

unstructured data. Nevertheless, issues such as data privacy, ethics in algorithms, and 

compliance issues were also raised, and there was concern about the ethical practice in artificial 

intelligence systems. 

Future studies should also aim at using AI models with the capability of processing large 

and disparate data sets with low reliability to ensure that the results obtained are more reliable. 

Future research into how such biases might originate or be controlled in AI algorithms will be 

critical to proactively promoting fair health. Furthermore, contemplating AI as an 

amalgamation with other novel technologies, such as the Internet of Things (IoT) and 

blockchain, may strengthen the security prospects and facilitate real-time surveillance. More 

research should also be conducted to develop policies to govern the use of AI in Public Health, 

especially on what is ethical and acceptable to guard the moral standards of society jealously 

(Loftus et al., 2020). Finally, the enhancement of interdisciplinary programs will be crucial to 

meet complex issues and unlock the potential of AI in calculating vital statistics. 

 

 
 

 

 

about:blank


European Journal of Science, Innovation and Technology 

www.ejsit-journal.com 

 

 
195 

REFERENCES 

Aboah, A. (2022). AI-based framework for automatically extracting high-low features from 

NDS data to understand driver behavior (Doctoral dissertation, University of Missouri, 

Columbia). https://mospace.umsystem.edu/xmlui/handle/10355/94205 

Ahmed, Z., Mohamed, K., Zeeshan, S., & Dong, X. (2020). Artificial intelligence with multi-

functional machine learning platform development for better healthcare and precision 

medicine. Database, 2020, baaa010. https://academic.oup.com/database/article-

abstract/doi/10.1093/database/baaa010/5809229 

Akter, S., McCarthy, G., Sajib, S., Michael, K., Dwivedi, Y. K., D’Ambra, J., & Shen, K. N. 

(2021). Algorithmic bias in data-driven innovation in the age of AI. International Journal 

of Information Management, 60, 102387. 

https://www.sciencedirect.com/science/article/pii/S0268401221000803 

Allam, Z., & Jones, D. S. (2020, February). On the coronavirus (COVID-19) outbreak and the 

smart city network: universal data sharing standards coupled with artificial intelligence 

(AI) to benefit urban health monitoring and management. Healthcare, 8(1), 46. 

https://www.mdpi.com/2227-9032/8/1/46 

Antonopoulos, I., Robu, V., Couraud, B., Kirli, D., Norbu, S., Kiprakis, A., ... & Wattam, S. 

(2020). Artificial intelligence and machine learning approach to energy demand-side 

response: A systematic review. Renewable and Sustainable Energy Reviews, 130, 

109899. https://www.sciencedirect.com/science/article/pii/S136403212030191X 

Arias, E., Tejada-Vera, B., & Ahmad, F. (2021). Provisional life expectancy estimates for 

January through June 2020. https://stacks.cdc.gov/view/cdc/100392 

Baclic, O., Tunis, M., Young, K., Doan, C., Swerdfeger, H., & Schonfeld, J. (2020). Artificial 

intelligence in public health: Challenges and opportunities for public health made 

possible by advances in natural language processing. Canada Communicable Disease 

Report, 46(6), 161. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7343054/ 

Barco, S., Mahmoudpour, S. H., Valerio, L., Klok, F. A., Münzel, T., Middeldorp, S., ... & 

Konstantinides, S. V. (2020). Trends in mortality related to pulmonary embolism in the 

European Region, 2000–15: analysis of vital registration data from the WHO Mortality 

Database. The Lancet Respiratory Medicine, 8(3), 277-287. 

https://www.thelancet.com/journals/lanres/article/PIIS2213-2600(19)30354-6/fulltext 

Byrd, T. F., Ahmad, F. S., Liebovitz, D. M., & Kho, A. N. (2020). Defragmenting heart failure 

care: medical records integration. Heart failure clinics, 16(4), 467-477. 

https://www.heartfailure.theclinics.com/article/S1551-7136(20)30043-X/abstract 

Chang, V. (2021). An ethical framework for big data and smart cities. Technological 

Forecasting and Social Change, 165, 120559. 

https://www.sciencedirect.com/science/article/pii/S0040162520313858 

Devaraj, J., Madurai Elavarasan, R., Shafiullah, G. M., Jamal, T., & Khan, I. (2021). A holistic 

review of energy forecasting using big data and deep learning models. International 

journal of energy research, 45(9), 13489-13530. 

https://onlinelibrary.wiley.com/doi/abs/10.1002/er.6679 

Duckert, M., & Barkhuus, L. (2022). Protecting Personal Health Data through Privacy 

Awareness: A study of perceived data privacy among people with chronic or long-term 

illness. Proceedings of the ACM on Human-Computer Interaction, 6(GROUP), 1-22. 

https://dl.acm.org/doi/abs/10.1145/3492830 

Duggineni, S. (2023). Impact of controls on data integrity and information systems. Science 

and Technology, 13(2), 29-35. https://www.researchgate.net/profile/Sasidhar-

Duggineni/publication/372193665_Impact_of_Controls_on_Data_Integrity_and_Infor

mation_Systems/links/64a8d256b9ed6874a5046bc3/Impact-of-Controls-on-Data-

Integrity-and-Information-Systems.pdf 

http://www.ejsit-journal.com/


European Journal of Science, Innovation and Technology 

www.ejsit-journal.com 

 

 
196 

Emmanuel, T., Maupong, T., Mpoeleng, D., Semong, T., Mphago, B., & Tabona, O. (2021). A 

survey on missing data in machine learning. Journal of Big Data, 8, 1-37. 

https://link.springer.com/article/10.1186/s40537-021-00516-9 

Gabriel, O. T. (2023). Data Privacy and Ethical Issues in Collecting Health Care Data Using 

Artificial Intelligence Among Health Workers (Master's thesis, Center for Bioethics and 

Research). https://search.proquest.com/openview/5ddc8ceef51c8524d19f3bb8023dcf49

/1?pq-origsite=gscholar&cbl=2026366&diss=y 

García-Carrasco, J. M., Muñoz, A. R., Olivero, J., Segura, M., & Real, R. (2021). Predicting 

the spatio-temporal spread of West Nile virus in Europe. PLoS neglected tropical 

diseases, 15(1), e0009022. https://journals.plos.org/plosntds/article?id=10.1371/journal.

pntd.0009022 

Giansanti, D. (2022). Artificial intelligence in public health: current trends and future 

possibilities. International Journal of Environmental Research and Public Health, 

19(19), 11907. https://www.mdpi.com/1660-4601/19/19/11907 

Giovanola, B., & Tiribelli, S. (2023). Beyond bias and discrimination: redefining the AI ethics 

principle of fairness in healthcare machine-learning algorithms. AI & society, 38(2), 549-

563. https://link.springer.com/article/10.1007/s00146-022-01455-6 

Hashimoto, D. A., Witkowski, E., Gao, L., Meireles, O., & Rosman, G. (2020). Artificial 

intelligence in anesthesiology: current techniques, clinical applications, and limitations. 

Anesthesiology, 132(2), 379-394. https://pubs.asahq.org/anesthesiology/article-

abstract/132/2/379/108833 

Hunt, X., Tomlinson, M., Sikander, S., Skeen, S., Marlow, M., du Toit, S., & Eisner, M. (2020). 

Artificial intelligence, big data, and mHealth: The frontiers of the prevention of violence 

against children. Frontiers in artificial intelligence, 3, 543305. 

https://www.frontiersin.org/articles/10.3389/frai.2020.543305/full 

Izulla, P., Wagai, J. N., Akelo, V., Ombeva, A., Okeri, E., Onyango, D., ... & Barr, B. T. (2023). 

Vaccine safety surveillance in Kenya using GAIA standards: A feasibility assessment of 

existing national and subnational research and program systems. Vaccine, 41(39), 5722-

5729. https://www.sciencedirect.com/science/article/pii/S0264410X23009064 

Janiesch, C., Zschech, P., & Heinrich, K. (2021). Machine learning and deep learning. 

Electronic Markets, 31(3), 685-695. https://link.springer.com/article/10.1007/s12525-

021-00475-2 

Jungwirth, D., & Haluza, D. (2023). Artificial intelligence and public health: an exploratory 

study. International Journal of Environmental Research and Public Health, 20(5), 4541. 

https://www.mdpi.com/1660-4601/20/5/4541 

Keyur, P. (2024). Lawful and Righteous Considerations for the Use of Artificial Intelligence 

in Public Health. International Journal of Computer Trends and Technology, 72(1), 48-

52. https://doi.org/10.14445/22312803/IJCTT-V72I1P108 

Langone, R., Cuzzocrea, A., & Skantzos, N. (2020). Interpretable Anomaly Prediction: 

Predicting anomalous behavior in industry 4.0 settings via regularized logistic regression 

tools. Data & Knowledge Engineering, 130, 101850. 

https://www.sciencedirect.com/science/article/pii/S0169023X1830644X 

Li, I., Pan, J., Goldwasser, J., Verma, N., Wong, W. P., Nuzumlalı, M. Y., ... & Radev, D. 

(2022). Neural natural language processing for unstructured data in electronic health 

records: a review. Computer Science Review, 46, 100511. 

https://www.sciencedirect.com/science/article/pii/S1574013722000454 

Liang, W., Tadesse, G. A., Ho, D., Fei-Fei, L., Zaharia, M., Zhang, C., & Zou, J. (2022). 

Advances, challenges and opportunities in creating data for trustworthy AI. Nature 

Machine Intelligence, 4(8), 669-677. https://www.nature.com/articles/s42256-022-

00516-1 

about:blank


European Journal of Science, Innovation and Technology 

www.ejsit-journal.com 

 

 
197 

Loftus, T. J., Tighe, P. J., Filiberto, A. C., Efron, P. A., Brakenridge, S. C., Mohr, A. M., ... & 

Bihorac, A. (2020). Artificial intelligence and surgical decision-making. JAMA surgery, 

155(2), 148-158. https://jamanetwork.com/journals/jamasurgery/article-

abstract/2756311 

Lv, F., Gao, X., Huang, A. H., Zu, J., He, X., Sun, X., ... & Ji, F. (2022). Excess diabetes 

mellitus-related deaths during the COVID-19 pandemic in the United States. 

EClinicalMedicine, 54. https://www.thelancet.com/journals/eclinm/article/PIIS2589-

5370(22)00401-1/fulltext 

MacIntyre, C. R., Chen, X., Kunasekaran, M., Quigley, A., Lim, S., Stone, H., ... & Gurdasani, 

D. (2023). Artificial intelligence in public health: the potential of epidemic early warning 

systems. Journal of International Medical Research, 51(3), 

03000605231159335. https://journals.sagepub.com/doi/abs/10.1177/030006052311593

35 

Mennickent, D., Rodríguez, A., Opazo, M. C., Riedel, C. A., Castro, E., Eriz-Salinas, A., ... & 

Araya, J. (2023). Machine learning applied in maternal and fetal health: a narrative 

review focused on pregnancy diseases and complications. Frontiers in Endocrinology, 

14, 1130139. https://www.frontiersin.org/articles/10.3389/fendo.2023.1130139/full 

Morgenstern, J. D., Rosella, L. C., Daley, M. J., Goel, V., Schünemann, H. J., & Piggott, T. 

(2021). “AI’s gonna have an impact on everything in society, so it has to have an impact 

on public health”: a fundamental qualitative descriptive study of the implications of 

artificial intelligence for public health. BMC Public Health, 21, 1-14. 

https://link.springer.com/article/10.1186/s12889-020-10030-x 

Murdoch, B. (2021). Privacy and artificial intelligence: challenges for protecting health 

information in a new era. BMC Medical Ethics, 22, 1-5. 

https://link.springer.com/article/10.1186/s12910-021-00687-3 

Nauman, A., Qadri, Y. A., Amjad, M., Zikria, Y. B., Afzal, M. K., & Kim, S. W. (2020). 

Multimedia Internet of Things: A comprehensive survey. IEEE Access, 8, 8202-8250. 

https://ieeexplore.ieee.org/abstract/document/8950450/ 

Pagano, T. P., Loureiro, R. B., Lisboa, F. V., Peixoto, R. M., Guimarães, G. A., Cruz, G. O., 

... & Nascimento, E. G. (2023). Bias and unfairness in machine learning models: a 

systematic review on datasets, tools, fairness metrics, and identification and mitigation 

methods. Big data and cognitive computing, 7(1), 15. https://www.mdpi.com/2504-

2289/7/1/15 

Panayides, A. S., Amini, A., Filipovic, N. D., Sharma, A., Tsaftaris, S. A., Young, A., ... & 

Pattichis, C. S. (2020). AI in medical imaging informatics: current challenges and future 

directions. IEEE journal of biomedical and health informatics, 24(7), 1837-1857. 

https://ieeexplore.ieee.org/abstract/document/9103969/ 

Patel, S. S. (2023). Explainable machine learning models to analyse maternal health. Data & 

Knowledge Engineering, 146, 102198. 

https://www.sciencedirect.com/science/article/pii/S0169023X23000587 

Raj, J. S. (2020). A novel information processing in IoT based real time health care monitoring 

system. Journal of Electronics, 2(03), 188-196. 

https://scholar.archive.org/work/ytaj2ecqjzfbfj66xkiyiwpfum/access/wayback/https://w

ww.irojournals.com/iroei/V2/I3/06.pdf 

Romiti, S., Vinciguerra, M., Saade, W., Anso Cortajarena, I., & Greco, E. (2020). Artificial 

intelligence (AI) and cardiovascular diseases: an unexpected alliance. Cardiology 

Research and Practice, 2020(1), 4972346. 

https://onlinelibrary.wiley.com/doi/abs/10.1155/2020/4972346 

http://www.ejsit-journal.com/


European Journal of Science, Innovation and Technology 

www.ejsit-journal.com 

 

 
198 

Salvatore, D. (2021). Theory and problems of statistics and econometrics. 

http://elibrary.gci.edu.np:8080/bitstream/123456789/3303/1/BT-

50%5BDominick_Salvatore%3B_Derrick_P_Reagle%5D_Schaum%27s_ou.pdf 

Sandeepa, C., Siniarski, B., Kourtellis, N., Wang, S., & Liyanage, M. (2023). A survey on 

privacy of personal and non-personal data in B5G/6G networks. ACM Computing 

Surveys, 56(10), 266. https://dl.acm.org/doi/abs/10.1145/3662179 

Schwalbe, N., & Wahl, B. (2020). Artificial intelligence and the future of global health. The 

Lancet, 395(10236), 1579-1586. 

https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(20)30226-9/fulltext 

Sevakula, R. K., Au‐Yeung, W. T. M., Singh, J. P., Heist, E. K., Isselbacher, E. M., & 

Armoundas, A. A. (2020). State‐of‐the‐art machine learning techniques aiming to 

improve patient outcomes pertaining to the cardiovascular system. Journal of the 

American Heart Association, 9(4), e013924. 

https://www.ahajournals.org/doi/abs/10.1161/JAHA.119.013924 

Sheikh, A., Anderson, M., Albala, S., Casadei, B., Franklin, B. D., Richards, M., ... & 

Mossialos, E. (2021). Health information technology and digital innovation for national 

learning health and care systems. The Lancet Digital Health, 3(6), e383-e396. 

https://www.thelancet.com/journals/landig/article/PIIS2589-7500(21)00005-4/fulltext 

Skelsey, P. (2021). Forecasting risk of crop disease with anomaly detection algorithms. 

Phytopathology®, 111(2), 321-332. 

https://apsjournals.apsnet.org/doi/abs/10.1094/PHYTO-05-20-0185-R 

Smuha, N. A. (2021). From a ‘race to AI’to a ‘race to AI regulation’: regulatory competition 

for artificial intelligence. Law, Innovation and Technology, 13(1), 57-84. 

https://www.tandfonline.com/doi/abs/10.1080/17579961.2021.1898300 

Solares, J. R. A., Raimondi, F. E. D., Zhu, Y., Rahimian, F., Canoy, D., Tran, J., ... & Salimi-

Khorshidi, G. (2020). Deep learning for electronic health records: A comparative review 

of multiple deep neural architectures. Journal of biomedical informatics, 101, 103337. 

https://www.sciencedirect.com/science/article/pii/S1532046419302564 

Vandeghinste, V., De Sisto, M., Kopf, M., Schulder, M., Brosens, C., & Soetemans, L. (2023). 

Report on Europe's Sign Languages. ELE Project Deliverable 1.40. Report on Europe’s 

Sign Languages. https://lirias.kuleuven.be/retrieve/728494 

Wang, Q., Su, M., Zhang, M., & Li, R. (2021). Integrating digital technologies and public 

health to fight Covid-19 pandemic: key technologies, applications, challenges and 

outlook of digital healthcare. International Journal of Environmental Research and 

Public Health, 18(11), 6053. https://www.mdpi.com/1660-4601/18/11/6053 

World Health Organization. (2020). Global strategy to accelerate the elimination of cervical 

cancer as a public health problem. World Health Organization. 

https://books.google.com/books?hl=en&lr=&id=hsNqEAAAQBAJ&oi=fnd&pg=PA5

&dq=Difficulties+with+Vital+Statistics+Data+Analysis+in+public+health&ots=Uv6V

K0gP8N&sig=DPytY8Qhi-ZxZ4VVPHp8D-YN0zQ 

Ye, J. (2020). The role of health technology and informatics in a global public health 

emergency: practices and implications from the COVID-19 pandemic. JMIR medical 

informatics, 8(7), e19866. https://medinform.jmir.org/2020/7/e19866 

Zeng, D., Cao, Z., & Neill, D. B. (2021). Artificial intelligence–enabled public health 

surveillance—from local detection to global epidemic monitoring and control. In 

Artificial intelligence in medicine (pp. 437-453). Academic Press. 

https://www.sciencedirect.com/science/article/pii/B9780128212592000223 

Zuo, Z., Watson, M., Budgen, D., Hall, R., Kennelly, C., & Al Moubayed, N. (2021). Data 

anonymization for pervasive health care: systematic literature mapping study. JMIR 

medical informatics, 9(10), e29871. https://medinform.jmir.org/2021/10/e29871 

about:blank

	INTRODUCTION
	Motivation for the Survey
	Purpose of the Article
	LITERATURE REVIEW
	Current State of Vital Statistics Analysis
	Difficulties with Vital Statistics Data Analysis
	AI in Public Health
	Gap in Literature
	AI Technologies in Vital Statistics: A Comparative Study
	Data Processing with AI
	AI Models and Algorithms
	Case Studies
	RESEARCH METHODOLOGY
	Innovative AI Techniques
	Categorization of Existing Methods
	Accuracy and Reliability
	Real-time Data Analysis
	Ethical Considerations and Challenges
	Data Privacy
	Bias in AI
	Regulatory Challenges
	Approaches and Challenges
	Existing Confusions
	RELATED WORK
	Successful Integration
	Effects on Public Health Choices
	Future Potential
	DISCUSSION
	Experimental Results
	Strengths and Limitations of AI in Vital Statistics
	RECOMMENDATIONS
	CONCLUSION
	REFERENCES

