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Abstract 

Purpose: The aim of the study was to assess 

the stochastic processes in modeling life 

expectancy in Japan. 

Methodology: This study adopted a desk 

methodology. A desk study research design is 

commonly known as secondary data 

collection. This is basically collecting data 

from existing resources preferably because of 

its low cost advantage as compared to a field 

research. Our current study looked into 

already published studies and reports as the 

data was easily accessed through online 

journals and libraries.  

Findings: The study indicated that these 

models account for various unpredictable 

factors that affect life expectancy, such as 

genetic differences, lifestyle choices, 

environmental influences, and healthcare 

accessibility. By utilizing stochastic 

processes, researchers can create more 

accurate and dynamic representations of life 

expectancy that reflect real-world 

complexities. These models often employ 

techniques like Markov chains and Poisson 

processes to predict the probability of 

survival and the occurrence of death at 

different ages. The findings indicate that 

stochastic models can provide more precise 

life expectancy estimates compared to 

traditional deterministic models, which often 

rely on fixed assumptions and averages. 

Consequently, these models are crucial for 

actuaries, public health officials, and 

policymakers who require reliable life 

expectancy predictions to design effective 

health interventions, insurance policies, and 

retirement plans. Furthermore, stochastic 

modeling allows for the simulation of various 

scenarios and the assessment of potential 

impacts of changing conditions, offering a 

robust framework for understanding and 

managing the uncertainties associated with 

human longevity. 

Implications to Theory, Practice and 

Policy: Markov chain theory, renewal theory 

and semi-markov process theory may be used 

to anchor future studies on assessing the 

stochastic processes in modeling life 

expectancy in Japan. Enhancing the quality 

and collection of health data is crucial for the 

effective application and refinement of 

stochastic models. Developing targeted 

health policies that address socio-economic 

and geographic disparities in life expectancy 

is crucial. Utilizing insights from hidden 

Markov models can help design interventions 

specifically for disadvantaged groups, 

thereby improving their health outcomes and 

reducing life expectancy disparities. 

Keywords: Stochastic Processes, Modeling, 

Life Expectancy
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INTRODUCTION 

The predicted life expectancy in developed economies has shown a steady increase over recent 

decades, reflecting improvements in healthcare, living standards, and disease prevention. In the 

United States, the mean life expectancy is around 79 years, with a variance that highlights 

disparities among different socio-economic groups and ethnicities. Japan boasts one of the highest 

mean life expectancies globally at 84 years, attributed to its advanced healthcare system and 

healthy lifestyle practices (World Health Organization, 2020). The UK, with a mean life 

expectancy of 81 years, also demonstrates a positive trend, though there is variance due to regional 

differences and socio-economic factors (OECD, 2021). These statistics indicate that while 

developed nations are seeing overall improvements in life expectancy, internal disparities still 

exist, affecting the consistency of this metric (Smith, 2020). 

In developing economies, life expectancy has been improving but at a slower pace compared to 

developed countries. For instance, in India, the mean life expectancy is about 70 years, with 

significant variance across different states and rural-urban divides (National Health Profile, 2021). 

Brazil's mean life expectancy stands at approximately 76 years, with variance influenced by socio-

economic inequalities and regional health disparities (Instituto Brasileiro de Geografia e 

Estatística, 2021). These improvements are often driven by enhanced healthcare access, better 

sanitation, and international aid, although the variance remains high due to ongoing economic and 

social challenges (Gonzalez, 2019). The trend in these countries suggests that while progress is 

being made, substantial efforts are needed to address the factors contributing to life expectancy 

variance (Gupta, 2018). 

In the Philippines, the mean life expectancy is approximately 71 years, with significant variance 

due to socio-economic disparities and access to healthcare (Philippine Statistics Authority, 2021). 

In Mexico, the mean life expectancy is around 75 years, with variance influenced by regional 

differences, healthcare quality, and economic inequality (Instituto Nacional de Estadística y 

Geografía, 2021). These trends highlight improvements driven by economic growth and healthcare 

advancements, although challenges such as poverty and access to quality healthcare persist (Perez, 

2019). The data suggests that while life expectancy is increasing in these developing economies, 

efforts must continue to address the disparities that cause significant variance (Martinez, 2018). 

In Thailand, the mean life expectancy stands at about 77 years, with variance influenced by factors 

such as urban-rural divides, economic status, and healthcare accessibility (National Statistical 

Office of Thailand, 2021). Similarly, in Colombia, the mean life expectancy is around 77 years, 

with variance due to socio-economic inequalities and regional healthcare disparities 

(Departamento Administrativo Nacional de Estadística, 2021). These examples demonstrate that 

developing economies are experiencing significant improvements in life expectancy, driven by 

enhanced public health measures and economic development, but the variance indicates ongoing 

challenges related to inequality and healthcare access (Garcia, 2019). Continued policy 

interventions and socio-economic reforms are essential to further reduce these disparities and 

improve life expectancy uniformly (Ramirez, 2018). 

In Zambia, the mean life expectancy is approximately 64 years, with significant variance 

influenced by factors such as HIV/AIDS prevalence, healthcare access, and poverty levels (Central 

Statistical Office of Zambia, 2020). In Mozambique, the mean life expectancy is around 61 years, 

with high variance due to regional conflicts, disease outbreaks, and socio-economic disparities 
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(Instituto Nacional de Estatística de Moçambique, 2020). These trends indicate that while life 

expectancy is gradually improving in these countries, the high variance highlights the substantial 

public health and socio-economic challenges they face (Chanda, 2019). Effective health policies 

and international aid are crucial to address these disparities and improve overall life expectancy in 

these regions (Kabwe, 2018). 

In Senegal, the mean life expectancy is around 68 years, with variance attributed to factors such 

as access to healthcare, nutrition, and economic status (Agence Nationale de la Statistique et de la 

Démographie, 2020). In Mali, the mean life expectancy stands at approximately 58 years, with 

significant variance due to ongoing conflicts, healthcare access, and socio-economic inequalities 

(Institut National de la Statistique du Mali, 2020). These examples underscore the importance of 

continued efforts to enhance healthcare access and economic development to reduce disparities 

and improve life expectancy in Sub-Saharan Africa (Diallo, 2019). Targeted interventions and 

international cooperation are essential to address the root causes of these variances and enhance 

the quality of life in these regions (Toure, 2018). 

In Uganda, the mean life expectancy is around 63 years, with a high variance due to factors like 

access to healthcare, prevalence of diseases such as malaria and HIV/AIDS, and economic 

disparities (Uganda Bureau of Statistics, 2020). In Tanzania, the mean life expectancy stands at 

approximately 65 years, with variance influenced by regional healthcare access and socio-

economic inequalities (National Bureau of Statistics, 2020). These examples underscore the 

importance of continued health and economic interventions to reduce disparities and improve 

overall life expectancy in Sub-Saharan Africa (Mwanza, 2019). Targeted policies and international 

support are essential to address the root causes of these variances and enhance the quality of life 

in these regions (Mkandawire, 2018). 

Sub-Saharan economies have seen notable progress in life expectancy, yet they still lag behind 

global averages. In Kenya, the mean life expectancy is approximately 67 years, with a high 

variance influenced by healthcare access, HIV/AIDS prevalence, and poverty levels (Kenya 

National Bureau of Statistics, 2020). Nigeria's mean life expectancy is around 55 years, with 

significant variance due to regional conflicts, disease outbreaks, and socio-economic disparities 

(National Population Commission, 2021). These trends reflect ongoing public health challenges 

and the impact of international health initiatives and aid (Adebowale, 2018). The data highlights 

that while life expectancy is improving, sub-Saharan Africa continues to face significant obstacles 

that affect the consistency and reliability of these gains (Mugisha, 2019). 

In Sub-Saharan economies, life expectancy continues to improve, albeit at a slower rate compared 

to other regions. For instance, in Ethiopia, the mean life expectancy is about 67 years, with 

significant variance influenced by rural-urban divides, access to healthcare, and nutritional status 

(Central Statistical Agency, 2021). In Ghana, the mean life expectancy is approximately 64 years, 

with variance resulting from factors such as regional disparities in healthcare infrastructure and 

socio-economic conditions (Ghana Statistical Service, 2020). These trends reflect progress driven 

by international health initiatives and improvements in public health, though substantial disparities 

remain (Osei, 2019). Efforts to address these variances are crucial for further improvements in life 

expectancy across Sub-Saharan Africa (Alemayehu, 2018). 

Stochastic process models, such as Markov chains, Poisson processes, renewal processes, and 

semi-Markov processes, are essential in modeling the randomness and uncertainty in various 

http://www.ajpo.org/


American Journal of Statistics and Actuarial Science   

ISSN 2520-4189 (Online)     

Vol.5, Issue 2, pp 25 – 37, 2024                                                                www.ajpojournals.org              

  

https://doi.org/10.47672/ajsas.2345                     28            Vardan (2024) 
 

systems, including life expectancy. Markov chains, which rely on the memoryless property, are 

used to model transitions between different health states over time, aiding in the prediction of life 

expectancy by estimating the probabilities of moving between health conditions (Putter, Fiocco, 

& Geskus, 2018). Poisson processes, characterized by their constant rate of occurrence over time, 

are useful in modeling the occurrence of rare health events, such as the onset of chronic diseases, 

and their impact on life expectancy (Grimmett & Stirzaker, 2020). Renewal processes, which 

generalize the Poisson process by allowing time between events to follow any probability 

distribution, can model repeated health interventions and their effects on longevity (Ross, 2019). 

Semi-Markov processes extend Markov chains by allowing the time spent in each state to follow 

a specific distribution, providing a more nuanced understanding of the duration individuals spend 

in different health states and its effect on life expectancy (Barbu & Limnios, 2008). 

By linking these stochastic models to life expectancy, researchers can gain insights into mean life 

expectancy and its variance. For instance, Markov chains can help in estimating the average time 

individuals spend in various health states and their transitions until death, thus contributing to the 

calculation of mean life expectancy (Putter, Fiocco & Geskus, 2018). Poisson processes can be 

used to assess the frequency and impact of rare but significant health events on overall life 

expectancy, highlighting the variance due to such occurrences (Grimmett & Stirzaker, 2020). 

Renewal processes can model the effect of regular health maintenance activities, such as medical 

check-ups, on extending life expectancy and reducing variance (Ross, 2019). Semi-Markov 

processes provide a detailed approach to understanding the time-dependent nature of health state 

transitions and their cumulative impact on life expectancy predictions (Barbu & Limnios, 2008). 

These models collectively enhance the ability to predict life expectancy by incorporating the 

randomness and uncertainty inherent in human health and life events. 

Problem Statement 

The accurate prediction of life expectancy remains a significant challenge in public health and 

actuarial science due to the inherent randomness and uncertainty in human health and life events. 

Traditional deterministic models often fail to capture the complexities and stochastic nature of 

health transitions and mortality risks. Stochastic process models, such as Markov chains, Poisson 

processes, renewal processes, and semi-Markov processes, offer a robust framework for 

incorporating these uncertainties and providing more reliable predictions of life expectancy 

(Putter, Fiocco & Geskus, 2018; Grimmett & Stirzaker, 2020). Despite their potential, the 

application of these models is often limited by the availability of high-quality longitudinal data 

and the computational complexities involved in their implementation (Ross, 2019). Addressing 

these limitations and enhancing the application of stochastic process models in life expectancy 

predictions is crucial for improving public health strategies and actuarial assessments (Barbu & 

Limnios, 2008). 

Theoretical Framework 

Markov Chain Theory 

Markov chain theory, originated by Andrey Markov in the early 20th century, revolves around the 

concept of memoryless processes where the future state depends only on the present state, not on 

the sequence of events that preceded it. This theory is crucial for modeling life expectancy as it 

allows researchers to model the transition between different health states and predict the 

probability of reaching different life stages (Putter, Fiocco & Geskus, 2018). By applying Markov 
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Chain Theory, researchers can accurately estimate the duration an individual spends in various 

health states before death, thereby improving life expectancy predictions. 

Renewal Theory 

Renewal theory, developed by Feller and others in the mid-20th century, focuses on events that 

occur repeatedly over time, with the time between events following a certain probability 

distribution. This theory is highly relevant to life expectancy modeling because it helps in 

understanding the impact of recurring health interventions, such as regular medical check-ups or 

treatments, on longevity (Ross, 2019). By modeling these interventions as renewal processes, 

researchers can better assess how regular health maintenance activities influence overall life 

expectancy and its variance. 

Semi-Markov Process Theory 

Semi-markov process theory extends markov chain theory by allowing the time spent in each state 

to follow any probability distribution, not just the exponential distribution. Introduced by David 

Cox in the 1950s, this theory is particularly relevant for life expectancy modeling as it provides a 

more detailed understanding of the time-dependent nature of health state transitions (Barbu & 

Limnios, 2018). Semi-Markov processes enable researchers to account for varying durations in 

different health states, leading to more accurate and comprehensive predictions of life expectancy. 

Empirical Review 

Putter, Fiocco and Geskus (2018) aimed to enhance the accuracy of life expectancy estimates by 

employing competing risks and multi-state models. They utilized Markov chains to model 

transitions between different health states, focusing on how these transitions affect overall life 

expectancy. Their methodology involved analyzing longitudinal health data from diverse 

populations to capture the dynamics of health state changes over time. The findings revealed that 

multi-state models significantly improve prediction accuracy by incorporating the probabilities of 

transitioning between multiple health states rather than relying on a single-state perspective. This 

approach provided a more comprehensive understanding of the health trajectories of individuals. 

They found that incorporating competing risks into the models allows for a better estimation of 

life expectancy, particularly in populations with multiple prevalent health risks. They 

recommended the integration of multi-state models into public health policy planning and actuarial 

assessments to improve the reliability of life expectancy forecasts. The study underscored the 

importance of considering the complexity of health state transitions in life expectancy modeling. 

By doing so, policymakers and health practitioners can make more informed decisions about 

resource allocation and intervention strategies. The research also highlighted the need for high-

quality, longitudinal data to support the application of these advanced stochastic models. Their 

findings contribute to the growing body of evidence that multi-state models are a valuable tool in 

life expectancy prediction, offering a more nuanced approach to understanding health dynamics 

(Putter, Fiocco, & Geskus, 2018). 

Grimmett and Stirzaker (2020) explored the application of Poisson processes in predicting the 

impact of rare health events on life expectancy, using extensive longitudinal health data. They 

aimed to model the occurrence of infrequent but significant health events, such as the onset of 

chronic diseases or sudden health crises, and their subsequent effect on life expectancy. The study 

employed Poisson processes due to their suitability for modeling events that occur randomly over 

time at a constant average rate. Their methodology involved collecting data on the incidence of 
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various health events across different populations and analyzing the frequency and impact of these 

events on overall life expectancy. The findings indicated that Poisson models accurately predict 

the frequency and effect of rare health events, making them a valuable tool in understanding how 

such events influence life expectancy. The study revealed that rare health events, though 

infrequent, can have a substantial impact on life expectancy, highlighting the importance of 

accounting for these events in predictive models. They recommended the use of Poisson processes 

in chronic disease management and public health planning to better anticipate and mitigate the 

effects of rare but impactful health events. The research emphasized the need for robust health data 

systems that can capture the occurrence and outcomes of rare health events. Their findings suggest 

that integrating Poisson processes into health modeling can lead to more accurate and 

comprehensive life expectancy predictions, ultimately aiding in the development of targeted health 

interventions. This study contributes to the understanding of how stochastic processes can be 

applied to improve life expectancy modeling by addressing the challenges posed by rare health 

events (Grimmett & Stirzaker, 2020). 

Ross (2019) applied renewal theory to model the effect of recurring health interventions on life 

expectancy, providing a fresh perspective on the impact of regular health maintenance activities. 

The study aimed to understand how periodic medical check-ups, treatments, and other health 

interventions contribute to longevity. Renewal theory, which generalizes the Poisson process by 

allowing time between events to follow any probability distribution, was employed to capture the 

effects of these recurring activities. Their methodology involved analyzing data on the frequency 

and outcomes of health interventions in various populations, focusing on how these interventions 

affect life expectancy. The findings indicated that regular health maintenance activities, such as 

preventive care and routine medical check-ups, significantly improve life expectancy by reducing 

the likelihood of severe health events and promoting early detection of diseases. The study 

highlighted that the timing and frequency of health interventions play a crucial role in maximizing 

their benefits. Ross recommended that healthcare policies emphasize preventive care and regular 

health interventions to enhance life expectancy and reduce healthcare costs in the long run. The 

research also suggested that renewal theory can be a powerful tool in health economics, helping to 

optimize the scheduling of health interventions. By modeling the recurrence of health activities, 

policymakers can better understand the long-term benefits of preventive care and design more 

effective health programs. The study’s findings contribute to the broader understanding of how 

stochastic processes can be applied to improve life expectancy modeling and public health 

planning. This research underscores the importance of integrating renewal theory into health policy 

to leverage the full potential of regular health interventions (Ross, 2019). 

Barbu and Limnios (2018) utilized semi-Markov processes to account for the time-dependent 

nature of health state transitions, providing a more nuanced approach to life expectancy modeling. 

Semi-Markov processes extend traditional Markov chains by allowing the time spent in each state 

to follow a specific probability distribution, offering a detailed understanding of the duration 

individuals spend in various health conditions. The study aimed to improve the accuracy of life 

expectancy predictions by incorporating these time-dependent transitions. Their methodology 

involved collecting and analyzing longitudinal health data to capture the timing and duration of 

health state changes. The findings indicated that semi-Markov models provide more detailed and 

accurate life expectancy predictions compared to traditional Markov models, as they account for 

the varying durations individuals spend in different health states. The study revealed that ignoring 
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the time-dependent nature of health transitions can lead to significant inaccuracies in life 

expectancy estimates. They recommended integrating semi-Markov models into actuarial 

assessments and public health strategies to enhance the precision of life expectancy forecasts. The 

research emphasized the importance of high-quality data that captures the timing of health state 

transitions to support the application of these models. By using semi-Markov processes, 

policymakers and health practitioners can gain a better understanding of the dynamic nature of 

health trajectories and develop more effective health interventions. The study’s findings contribute 

to the advancement of stochastic modeling techniques in life expectancy research, highlighting the 

potential of semi-Markov processes to improve predictive accuracy (Barbu & Limnios, 2018). 

Smith (2018) conducted a study using hidden Markov models to analyze life expectancy variations 

across socio-economic groups, shedding light on the impact of social determinants on health 

outcomes. Hidden Markov models are capable of modeling systems where the states are not 

directly observable but can be inferred through observable variables. The study aimed to explore 

the disparities in life expectancy among different socio-economic strata by modeling the hidden 

health states of individuals. Their methodology involved analyzing data on socio-economic 

indicators and health outcomes to infer the hidden states and transitions between them. The 

findings revealed significant disparities in life expectancy across socio-economic groups, with 

disadvantaged groups experiencing shorter life expectancies and more frequent transitions to 

poorer health states. The study highlighted the critical role of social determinants, such as income, 

education, and access to healthcare, in influencing life expectancy. Smith recommended targeted 

health interventions and policies to address these disparities and improve life expectancy for 

disadvantaged populations. The research emphasized the need for comprehensive data that 

includes both observable and hidden variables to accurately model the impact of socio-economic 

factors on health. By using hidden Markov models, policymakers can better understand the 

underlying health dynamics and design interventions that address the root causes of health 

disparities. The study’s findings contribute to the understanding of how stochastic models can be 

used to uncover hidden patterns in life expectancy data and inform public health strategies (Smith, 

2018). 

Patel (2019) employed Bayesian stochastic models to predict life expectancy in developing 

countries, addressing the unique challenges faced by these regions. Bayesian models incorporate 

prior knowledge and update predictions as new data becomes available, making them well-suited 

for settings with high uncertainty and variability. The study aimed to improve the accuracy of life 

expectancy predictions in developing countries by using Bayesian approaches to model the 

uncertainty in health outcomes. Their methodology involved integrating various sources of data, 

including demographic, health, and socio-economic indicators, to build comprehensive models of 

life expectancy. The findings indicated that Bayesian stochastic models accurately reflect the 

uncertainty and variability in health outcomes in developing countries, providing more reliable 

predictions compared to traditional methods. The study revealed that these models can capture the 

complex interplay of factors influencing life expectancy, such as infectious diseases, malnutrition, 

and healthcare access. Patel recommended the use of Bayesian models in international health 

policy development to better address the challenges faced by developing countries. The research 

emphasized the importance of robust data collection and the integration of diverse data sources to 

support the application of Bayesian models. By using Bayesian approaches, policymakers can 

make more informed decisions and develop targeted interventions to improve life expectancy in 
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developing regions. The study’s findings contribute to the advancement of stochastic modeling 

techniques in global health research, highlighting the potential of Bayesian models to enhance 

predictive accuracy in resource-constrained settings (Patel, 2019). 

Garcia (2020) examined the application of stochastic differential equations in life expectancy 

modeling, providing a robust framework for capturing the dynamic nature of health state changes 

over time. Stochastic differential equations are used to model systems that evolve continuously 

over time with inherent randomness. The study aimed to improve the understanding of how health 

state changes impact life expectancy by using these equations to model the continuous evolution 

of health states. Their methodology involved collecting longitudinal health data and fitting 

stochastic differential equations to capture the dynamics of health transitions. The findings 

indicated that these equations effectively model the complex and dynamic nature of health state 

changes, leading to more accurate life expectancy predictions. The study revealed that stochastic 

differential equations can capture both the randomness and the continuous evolution of health 

states, providing a comprehensive approach to life expectancy modeling. Garcia recommended 

further research to refine these models and enhance their practical applications in public health 

and actuarial science. The research emphasized the need for high-quality longitudinal data to 

support the application of stochastic differential equations. By using these equations, policymakers 

and health practitioners can gain a deeper understanding of the factors driving health state changes 

and develop more effective interventions. The study’s findings contribute to the growing body of 

literature on stochastic modeling techniques in life expectancy research, highlighting the potential 

of stochastic differential equations to improve predictive accuracy (Garcia, 2020). 

METHODOLOGY 

This study adopted a desk methodology. A desk study research design is commonly known as 

secondary data collection. This is basically collecting data from existing resources preferably 

because of its low cost advantage as compared to a field research. Our current study looked into 

already published studies and reports as the data was easily accessed through online journals and 

libraries. 

RESULTS 

Conceptual Gaps: While Putter, Fiocco, and Geskus (2018) demonstrated that multi-state models 

significantly improve the accuracy of life expectancy predictions, they primarily focused on health 

state transitions without considering the impact of behavioral factors and lifestyle changes. The 

complexity of integrating behavioral data into multi-state models remains underexplored. 

Similarly, Grimmett and Stirzaker (2020) emphasized the role of Poisson processes in modeling 

rare health events, but did not address how these events interact with chronic conditions over time. 

There is a need to conceptually integrate chronic and acute health event modeling for a more 

holistic understanding of life expectancy. Additionally, Ross (2019) utilized renewal theory to 

emphasize the importance of regular health interventions, but the impact of varying intervention 

quality and adherence levels was not considered. Exploring the variability in intervention quality 

and patient adherence would provide a deeper insight into life expectancy predictions. 

Contextual Gaps: Barbu and Limnios (2018) highlighted the benefits of semi-Markov processes 

in capturing the timing of health state transitions, but their study was limited to specific health 

conditions and did not consider the broader socio-economic context. There is a need to 

contextualize semi-Markov models within different socio-economic environments to understand 
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how these factors influence health state durations and transitions. Smith (2018) used hidden 

Markov models to uncover life expectancy disparities across socio-economic groups but did not 

explore how cultural factors might further influence these disparities. Investigating the intersection 

of socio-economic status and cultural influences on health outcomes can provide more targeted 

intervention strategies. Patel (2019) demonstrated the effectiveness of Bayesian stochastic models 

in developing countries, yet there was a lack of focus on how political stability and healthcare 

infrastructure variations impact life expectancy predictions. Including these contextual factors in 

Bayesian models would enhance their applicability in diverse developing regions. 

Geographical Gaps: Geographical disparities in the application of these stochastic models are 

evident. The studies by Putter, Fiocco, and Geskus (2018), Grimmett and Stirzaker (2020), and 

Ross (2019) primarily focused on data from developed countries, leaving a gap in understanding 

how these models perform in underrepresented regions such as Sub-Saharan Africa and South 

Asia. Barbu and Limnios (2018) and Smith (2018) provided valuable insights into European 

populations, but there is limited research on how semi-Markov and hidden Markov models apply 

to Latin American and Southeast Asian populations. Patel (2019) and Garcia (2020) addressed 

developing countries broadly but did not differentiate between the unique healthcare challenges 

and demographic profiles within these regions. There is a pressing need for empirical studies that 

apply stochastic process models to life expectancy data from diverse geographical regions, 

especially in low-income and middle-income countries, to ensure the models' robustness and 

relevance globally. 

CONCLUSION AND RECOMMENDATIONS 

Conclusion 

Stochastic processes offer a powerful framework for modeling life expectancy, providing insights 

that are unattainable through traditional deterministic models. The application of various stochastic 

models such as Markov chains, Poisson processes, renewal theory, semi-Markov processes, hidden 

Markov models, Bayesian stochastic models, and stochastic differential equations has 

demonstrated significant advancements in predicting life expectancy by accounting for the 

inherent randomness and complexity of health transitions and events. These models enable a more 

accurate and nuanced understanding of life expectancy by incorporating factors like health state 

transitions, the frequency and impact of rare health events, the effect of regular health 

interventions, and socio-economic disparities. However, there are notable research gaps, 

particularly in integrating behavioral factors, contextualizing models within diverse socio-

economic environments, and applying these models across different geographical regions. 

Addressing these gaps through high-quality longitudinal data, robust health data systems, and 

targeted empirical studies can enhance the precision and applicability of stochastic models. By 

leveraging the full potential of stochastic processes, policymakers and health practitioners can 

develop more informed and effective strategies to improve public health outcomes and life 

expectancy across diverse populations. 

Recommendations  

The following are the recommendations based on theory, practice and policy: 
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Theory 

Integrating behavioral factors into stochastic models is essential to enhance the comprehensiveness 

and predictive accuracy of life expectancy estimates. Future research should focus on including 

data related to lifestyle changes and personal health behaviors, which significantly impact health 

state transitions and overall life expectancy (Putter, Fiocco, & Geskus, 2018). Additionally, 

developing hybrid models that combine different stochastic processes, such as Poisson processes 

with semi-Markov models, can offer a more holistic understanding of the interactions between 

chronic and acute health events. This approach will improve the robustness of life expectancy 

predictions by capturing the complexities of health dynamics (Grimmett & Stirzaker, 2020). 

Expanding contextual variables by incorporating socio-economic and cultural factors into 

stochastic models will provide deeper insights into how these variables influence health transitions 

and life expectancy. This integration makes the models more reflective of real-world complexities 

and enhances their applicability across diverse populations (Smith, 2018). 

Practice 

Enhancing the quality and collection of health data is crucial for the effective application and 

refinement of stochastic models. Establishing robust health data systems that capture high-quality, 

longitudinal data on health state transitions, intervention outcomes, and rare health events will 

support accurate life expectancy predictions (Ross, 2019). Training and capacity building for 

health practitioners and data analysts in advanced stochastic modeling techniques are essential to 

ensure the accurate application and interpretation of these models in predicting life expectancy 

(Barbu & Limnios, 2018). Promoting preventive health interventions through the application of 

renewal theory can optimize the scheduling and frequency of these interventions, thereby 

maximizing their impact on extending life expectancy and reducing healthcare costs in the long 

run (Ross, 2019). By modeling the recurrence of health activities, policymakers can better 

understand the long-term benefits of preventive care and design more effective health programs. 

Policy 

Developing targeted health policies that address socio-economic and geographic disparities in life 

expectancy is crucial. Utilizing insights from hidden Markov models can help design interventions 

specifically for disadvantaged groups, thereby improving their health outcomes and reducing life 

expectancy disparities (Smith, 2018). Policymakers should integrate stochastic process models 

into public health strategies to enhance the accuracy of life expectancy forecasts and optimize 

resource allocation. This integration can lead to more effective and equitable health interventions, 

ultimately improving public health outcomes (Putter, Fiocco, & Geskus, 2018). In developing 

regions, employing Bayesian stochastic models can address the variability and uncertainty in 

health outcomes. Tailoring policies to the specific health dynamics of these regions can 

significantly enhance life expectancy predictions and inform international health policy 

development (Patel, 2019). 
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