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ABSTRACT 

Pneumonia continues to be a major health issue worldwide, especially impacting those at-risk 

across various age categories. By incorporating comprehensive modeling techniques, this study 

addresses the pressing need for accurate global pneumonia mortality forecasting across age 

demographics to inform evidence-based interventions and policymaking. This study employs 

forecasting models, including Auto-Regressive Integrated Moving Average Models (ARIMA), 

Generalized Additive Models (GAM), Simple Linear Regression (SLR), Facebook's Prophet 

Model (Prophet), and the n-sub-epidemic framework, to predict pneumonia mortality trends. 

Data from 1990 through 2019 were used for calibration, with predictive forecasts extending 

through 2030. The percent change in pneumonia deaths from 2020 to 2030 along with model 

uncertainty were assessed for all model forecasts. Global trends revealed a consistent rise in 

pneumonia mortality among individuals aged ≥70 years, a gradual increase in ages 50–69, 

while those under 5 showed a decline. The n-sub-epidemic model predicts a decrease in 

mortality for ages 15–49 and 5–14, contrasting with statistical models showing increasing trends 

among ages 15–49. The consistency of forecasting trends across models validates the study's 

findings and indicates their adaptability to different epidemiological contexts. 

Keywords: Pneumonia, forecasts, statistical models, n-sub-epidemic, global 
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CHAPTER I – INTRODUCTION 

Pneumonia is a respiratory infection characterized by the build-up of fluids and pus in the 

alveoli. Streptococcus pneumoniae is the most common cause of bacteria associated 

pneumonia [1]. Certain populations are at a higher risk of developing pneumonia due to 

underlying factors like age, weakened immune systems, and chronic illnesses [2]. 

Acknowledging these factors and tackling the underlying causes is essential for the effective 

management and treatment of pneumonia. 

Worldwide estimates from the World Health Organization (WHO) show that pneumonia 

exerts a profound impact as a leading cause of global mortality across the population. 

Particularly, among children aged 1 to 5 years, it accounted for about 22% of all deaths in 2019 

[3]. Additionally in the same year, adults aged 70 years and older experienced the highest rates 

of pneumonia globally [4]. This highlights the vulnerability of both young children and the elderly 

to pneumonia, while mortality rates for other age groups have remained relatively stable over 

the past decades [5]. Research extensively covers pneumonia burden in children under 5, but 

data on adults and older children is limited [4]. 

Pneumonia stands as a significant public health concern, causing about 2.5 million deaths 

across all age groups [5]. The economic burden of pneumonia is substantial, manifested 

through increased healthcare expenditures, lost productivity, and is a strain on healthcare 

systems [6-7]. This issue is particularly prominent in middle income countries, which carry a  

2-fold greater burden of pneumonia than higher income countries [7]. As a result, individuals in 

deprived socioeconomic conditions are at a higher risk of pneumonia [8-12]. The various 

determinants of pneumonia include education, financial status, age, sex, ethnicity, smoking, and 

environmental pollutants [13-15]. Thus, it vital to address pneumonia not just at the clinical front 

but also at various socioeconomic levels.  

International health efforts, including the Global Action Plan for the Prevention and Control 

of Pneumonia (GAPP) launched by WHO and UNICEF, aim to decrease pneumonia-related 
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deaths among children [16]. Additionally, initiatives such as Every Breath Counts and the Stop 

Pneumonia Initiative aim to implement impactful strategies for combatting pneumonia among 

vulnerable populations [17]. These global health initiatives and the changing epidemiology of 

lower respiratory infection and pneumonia related mortality [18] emphasizes the importance of 

accurate mortality forecasting for shaping effective public health strategies, healthcare resource 

allocation, and policy-making in pneumonia control.  

Forecasting pneumonia to predict future morbidity and mortality of the disease is crucial 

as pneumonia still stands as the leading cause of death and disability globally [19,7]. Despite 

efforts to mitigate pneumonia at both local and global levels, there still exists a significant 

burden of disease in developing countries [20,7]. This necessitates the need for large-scale, 

diverse, and accurate forecasting of pneumonia mortality to inform effective public health 

strategies, improve healthcare resource allocation, and enhance policies for pneumonia control. 

Numerous predictions models have been used in studies to assess their use in clinical settings 

to mitigate or support in early diagnosis of pneumonia [21-24]. Many different forecasting 

methodologies, including deep machine learning frameworks [25-26], time-series [27], and 

mathematical models [28], have been used in pneumonia modeling. Infectious disease 

modeling has expanded in varied disease areas such as COVID-19 [29], Zika [30], mpox [31] 

and influenza [32]. Regardless of the availability of this multi-faceted forecasting data, limited 

research addresses predictive analysis of pneumonia mortality across age groups, especially at 

a global scale, urging further study.  

Our research aims to advance pneumonia mortality forecasting methods by leveraging on 

comprehensive modeling approach. Specifically, we seek to utilize models such as Auto-

Regressive Integrated Moving Average Models (ARIMA), Generalized Additive Models (GAM), 

Simple Linear Regression (SLR), Facebook’s Prophet Model (Prophet), and the n-sub-epidemic 

modeling framework to forecast global trends in pneumonia and lower respiratory diseases 

across various age groups. These forecasts can empower policymakers to implement evidence-
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based interventions and reduce the burden of lower respiratory infections and preventable 

pneumonia-related deaths. Through this approach, we aim to contribute to the field of global 

pneumonia control by providing diverse and nuanced forecasts that inform targeted 

interventions and public health strategies. It is imperative to acknowledge that addressing 

pneumonia deaths necessitates tailored approaches specific to different age groups, and our 

study is poised to make a substantial contribution in this regard. 
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CHAPTER II – LITERATURE REVIEW 

Pneumonia is a respiratory infection marked by the accumulation of fluid and pus in the 

alveoli. This inflammatory condition can result from various infectious agents, including bacteria, 

viruses, or fungi. Among bacterial pathogens, Streptococcus pneumoniae is the most prevalent, 

especially in children [1,3]. Following closely is Haemophilus influenzae type b (Hib), which is 

the second most common bacterium responsible for pneumonia. The etiology of pneumonia 

varies, and its manifestations can vary from mild to severe across different age groups. Typical 

signs include cough, difficulty breathing, chest pain, and fever, along with the possibility of life-

threatening complications [2,1]. 

Certain populations face a higher risk due to various underlying factors. For instance, age, 

compromised immune systems, chronic diseases, and exposure to environmental factors 

significantly increase vulnerability of certain population [2,5,1]. Malnutrition is found to 

significantly elevate pneumonia mortality rates among children, while air pollution exacerbates 

the condition in the elderly [5,1]. Recognizing these risk factors and addressing their underlying 

causes are essential for effective pneumonia management and treatment. 

Pneumonia remains a major global health challenge, with the WHO estimating it to be a 

leading cause of death, especially among children aged 1 to 5 years, where it contributes to 

approximately 22% of all fatalities [3]. Additionally, data from 2019 revealed that pneumonia was 

most prevalent among adults aged 70 and older [4], highlighting increased susceptibility in both 

the elderly and young children. In contrast, mortality rates for those between 15 and 69 years 

and individuals over 5 years, have remained fairly consistent over the years [5].  

In 2021, pneumonia caused around half a million deaths among children; this was a 

notable reduction of about a 28% drop in childhood pneumonia deaths from 2019. The observed 

decrease in the number of pneumonia deaths among children was considered as the largest 

reduction in three years by the Global Burden of Disease (GBD) since 1990. The decrease is 

largely attributed to the impact of COVID-19 restrictions, highlighting the success of preventive 
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strategies in reducing the transmission of infections [20,33]. Additionally, lower respiratory 

infections ranked as the 5th leading cause of disease burden globally in 2021, with a projection 

to move to the 9th position by 2050 due to expected improvements in disease management 

[19]. Despite these improvements in overall disease burden, lower respiratory tract infections 

continue to pose a significant challenge in low-income and middle-income countries [20,7,34]. 

Such conditions disproportionately affect individuals from disadvantaged socioeconomic 

backgrounds, increasing their risk of contracting pneumonia. [8-12]. Research indicates that 

older adults aged 65 and over experience higher rates of mortality and hospitalization due to 

pneumonia, with 3.1 million hospitalizations recorded in industrialized countries and 3.7 million 

in developing nations [35-36], resulting in considerable economic burden associated with 

pneumonia.  

This forthcoming shift in the epidemiology of pneumonia and other lower respiratory 

infections necessitates large-scale, diverse, and accurate forecasting of pneumonia mortality to 

inform effective public health strategies, improve healthcare resource allocation, and enhance 

policies for pneumonia control. Pneumonia mortality forecasting is essential as it enables 

researchers to predict the spread of outbreaks, evaluate potential interventions, and guide 

public health policies at a population or community level. Over the years, a variety of forecasting 

models and frameworks have been utilized for accurate pneumonia diagnosis and treatment. 

Recent research has concentrated on identifying reliable predictive signs, symptoms, and 

biomarkers to differentiate pneumonia from other conditions. For example, a prospective 

observational cohort study by Groeneveld G.H. et al. (2019), conducted from March 2012 to 

May 2016, evaluated the predictive value of biomarkers for pneumonia diagnosis among 

patients. They utilized a predictive clinical model which incorporated these predictive factors to 

diagnose pneumonia. The clinical model found that while CRP emerged as the most effective 

biomarker, its addition to a clinical model did not significantly enhance prediction accuracy but 

was useful in guiding antibiotic treatment decisions [22].  
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Deep learning algorithms and artificial intelligence (AI) have also shown potential in 

diagnosing pneumonia. Ferreira et al. (2020), Helena Liz et al. (2021), and Ayan E et al. (2022) 

addressed critical challenges in pneumonia diagnosis using Convolutional Neural Network 

models and by applying advanced machine learning techniques [25,37,23]. Similarly, Zang Q et 

al. (2022), proposed a combined GSHHO-FKNN model, which effectively discriminated 

influenza pneumonia from community-acquired pneumonia, leading to accurate bacterial 

identification and more effective antibiotic use [26]. 

In the efforts to assess the efficacy of various existing models in predicting pneumonia, 

Effah et al. (2022), evaluated the performance of eight machine learning models. Their study 

found no adequate discriminatory power between individual clinical history, laboratory 

indicators, and symptoms in diagnosing pneumonia. However, they concluded that ensemble 

machine learning models, such as Random Forest (RF) and Extreme Gradient Boosting 

(XGBoost), showed promise in improving prediction accuracy [21].  

Another study conducted by Ni Kadek Ary Indah et al. (2022), forecasted the number of 

under-five pneumonia deaths while comparing the efficacy of ARIMA and Multi-Layer 

Perceptron (MLP) models. This study employed data spanning from January 2014 to December 

2021 to forecast pneumonia mortality trends from January 2022 to December 2022. The study 

found that the MLP model outperformed ARIMA, achieving a low error percentage with 

prediction accuracy of 1.27%. This long-term forecasting study for 2022 indicated a peak in 

deaths during October and an overall increase in mortality compared to the previous year. The 

model’s superior performance in predicting under-five pneumonia mortality rates underscores its 

potential utility in shaping public health policies and improving mortality prevention strategies 

[28]. 

Other advancements in forecasting methodologies have significantly enhanced our 

understanding of pneumonia mortality trends and projections to some extent. For instance, Yun 

JW & Son M (2016) employed a modified age-period-cohort model, using the Nordpred software 
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in R, to forecast cause-specific mortality rates in Korea from 2013 to 2032 based on historical 

data from 1983 to 2012. The model combined age, period, and cohort effects to enhance the 

accuracy of mortality forecasts and effectively managed both population dynamics and disease 

mortality trends. The projections indicated a significant increase in pneumonia-related deaths, 

forecasting an increase of 319.9% for males and 274.1% for females from 2008-2012 to 2028-

2032, largely attributable to the aging population in Korea [38]. An alternative study with similar 

focus used the ARIMA model to analyze health data related to the leading causes of death, 

morbidity, and infant mortality in the Philippines [39]. The study, extending projections to 2030, 

found a general decrease in mortality rates for pneumonia, diabetes mellitus, nephritis, 

nephrotic syndrome, and some perinatal conditions. Specifically, pneumonia-related mortality 

among infants was projected to show a slight decreasing trend. Conversely, conditions like 

bacterial sepsis and respiratory distress were expected to increase. These findings underscore 

the value of forecasting models in forecasting health trends and the importance of incorporating 

demographic shifts into public health strategies to address the growing challenge of pneumonia 

and other age-related diseases.  

Despite advancements in forecasting and modeling for diagnosing, early detection, and 

predicting pneumonia outcomes, there remain significant gaps in delivering comprehensive, 

age-specific pneumonia mortality forecasts globally. Traditionally, the ARIMA model has been 

employed to forecast financial trends [40] and weather patterns [41-42], and it has established 

itself as a benchmark in disease forecasting [43,29,27,44-46]. Generalized Additive Models 

(GAM), on the other hand, incorporate a set of smooth functions to more effectively capture the 

influences of various variables, allowing them to identify non-linear trends and thus enhance the 

performance of conventional generalized linear models [47]. This feature enables them to 

effectively capture non-linear trends while retaining a level of simplicity and explainability 

comparable to generalized linear models [48]. Meanwhile Facebook’s Prophet model [49], which 

was initially created for business forecasting, has found increasing use across diverse fields, 
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particularly in infectious disease modeling. It has generated forecasts for conditions such as 

COVID-19 [50,45,51], mpox [31] and pneumonia forecasts [27]. The n-sub-epidemic framework 

and related ensemble model have also been applied to forecast various infectious diseases and 

have shown strong performance. [31,29,52,30,32]. During the COVID-19 pandemic Chowell G 

et al., 2022 [29] employed the n-sub-epidemic modelling framework to effectively forecast the 

COVID-19 trends in the USA. The best performing sub-epidemic and ensemble models 

demonstrated superior performance in short-term forecasts compared to traditional ARIMA 

models. Additionally, Cramer EY et al., 2022 [52] also highlighted the importance of multi-model 

ensemble forecasting in short-term probabilistic forecasting during the COVID-19 pandemic. 

Their study provided the most accurate forecasting related to COVID-19 deaths at both state 

and national level. Both these studies accentuate the value of advanced ensemble modeling 

techniques in improving the accuracy of disease forecasting.  

Therefore, this study aims to add to the current body of literature on pneumonia mortality 

by advancing forecasting methods through the application of comprehensive modeling 

approach. This study utilizes commonly used statistical models such as ARIMA, GAM, SLR and 

Facebook's Prophet Model, along with the mathematical framework associated to the n-sub-

epidemic model, to predict global pneumonia trends across various age groups. 
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Abstract 

Pneumonia continues to be a major health issue worldwide, especially impacting those at-risk 

across various age categories. By incorporating comprehensive modeling techniques, this study 

addresses the pressing need for accurate global pneumonia mortality forecasting across age 

demographics to inform evidence-based interventions and policymaking. This study employs 

forecasting models, including Auto-Regressive Integrated Moving Average Models (ARIMA), 

Generalized Additive Models (GAM), Simple Linear Regression (SLR), Facebook's Prophet 

Model (Prophet), and the n-sub-epidemic framework, to predict pneumonia mortality trends. 

Data from 1990 through 2019 were used for calibration, with predictive forecasts extending 

through 2030. The percent change in pneumonia deaths from 2020 to 2030 along with model 

uncertainty were assessed for all model forecasts. Global trends revealed a consistent rise in 

pneumonia mortality among individuals aged ≥70 years, a gradual increase in ages 50–69, 

while those under 5 showed a decline. The n-sub-epidemic model predicts a decrease in 

mortality for ages 15–49 and 5–14, contrasting with statistical models showing increasing trends 

among ages 15–49. The consistency of forecasting trends across models validates the study's 

findings and indicates their adaptability to different epidemiological contexts. 
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Introduction 

Pneumonia is a respiratory infection characterized by the build-up of fluids and pus in the 

alveoli. Streptococcus pneumoniae is the most common cause of bacteria associated 

pneumonia [1]. Certain populations are at a higher risk of developing pneumonia due to 

underlying factors like age, weakened immune systems, and chronic illnesses [2]. 

Acknowledging these factors and tackling the underlying causes is essential for the effective 

management and treatment of pneumonia. 

Worldwide estimates from the World Health Organization (WHO) show that pneumonia 

exerts a profound impact as a leading cause of global mortality across the population. 

Particularly, among children aged 1 to 5 years, it accounted for about 22% of all deaths in 2019 

[3]. Additionally in the same year, adults aged 70 years and older experienced the highest rates 

of pneumonia globally [4]. This highlights the vulnerability of both young children and the elderly 

to pneumonia, while mortality rates for other age groups have remained relatively stable over 

decades [5].  

Pneumonia stands as a significant public health concern, causing about million deaths 

across all age groups [5]. The economic burden of pneumonia is substantial, manifested 

through increased healthcare expenditures, lost productivity, and strain on the healthcare 

system [6]. This issue is particularly prominent in middle income countries, which carry a greater 

burden of pneumonia than higher income countries. As a result, individuals in deprived 

socioeconomic conditions are at a higher risk of pneumonia [7-10]. The various determinants of 

pneumonia include education, financial status, age, sex, ethnicity, smoking, and environmental 

pollutants [11]; thus, making it vital to address pneumonia not just at the clinical front but also at 

various socioeconomic levels.  

The changing epidemiology of lower respiratory infection (LRI) and pneumonia related 

mortality emphasizes the importance of forecasting pneumonia to predict future morbidity and 

mortality of the disease. Despite efforts to mitigate at both local and global levels, there still 
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exists a significant burden of disease, especially in developing countries. This necessitates the 

need for extensive and accurate forecasting of pneumonia mortality to inform effective public 

health strategies, improve healthcare resource allocation, and enhance policies for pneumonia 

control. Numerous prediction models have been used in studies to assess their use in clinical 

settings to mitigate or support in early diagnosis of pneumonia [13-15]. Many different 

forecasting methodologies, including deep machine learning frameworks [16], time-series [17], 

and mathematical models [18], have been used in pneumonia modeling. Additionally, infectious 

disease modeling has expanded in varied disease areas such as COVID-19 [19], Zika [20], 

mpox [21] and influenza [22]. Regardless of the availability of this multi-faceted forecasting data, 

limited research addresses predictive analysis of pneumonia mortality across age groups, 

especially on a global scale.  

Our research aims to advance pneumonia mortality forecasting methods by leveraging on 

models such as Auto-Regressive Integrated Moving Average Models (ARIMA), Generalized 

Additive Models (GAM), Simple Linear Regression (SLR), Facebook’s Prophet Model (Prophet), 

and the n-sub-epidemic modeling framework to forecast global trends in pneumonia mortality 

across various age groups. It is vital to acknowledge that addressing pneumonia deaths 

requires tailored public health approaches specific to different age groups, and our study aims 

to make a substantial contribution in this regard. The forecasts generated from this study can 

empower policymakers to implement evidence-based interventions and reduce the burden of 

LRI and preventable pneumonia-related deaths.  
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Methods and procedures 

Data 

The yearly number of pneumonia deaths data was retrieved from Institute for Health 

Metrics and Evaluation (IHME), Global Burden of Disease (GBD) 2019 – with minor processing 

by Our World in Data (downloaded in February 2024). The dataset covered the period from 

1990 through 2019, and the primary unit of measure was the number of deaths attributed to 

pneumonia and other LRIs. The database defined pneumonia based on symptoms alone, thus 

diseases with similar symptoms could have been included in the database. However, for clarity 

and simplicity this paper primarily uses the term “pneumonia”. Further, the data was cleaned 

and transposed using Microsoft Excel. Only yearly world data for age groups 70 years and 

older, 50–69 years, 15–49 years, 5–14 years, and under 5 years were included and data for 

other regions were excluded. The StatModPredict, a R-Studio (v. 4.3.2) dashboard interface [23] 

was used to generate model forecasts for ARIMA, GAM, SLR and Prophet, while SubEpiPredict 

a MATLAB (v. R2023b) toolbox [24], was utilized to run n-sub-epidemic framework. 

Approval for this study to be designated as not human subjects research was obtained 

from Georgia State University, Institutional Review Board. 

Model calibration 

For all the models, the calibration period length was set as 30 years, from 1990 through 

2019. The forecasting horizon was set at 11-years, which generated yearly forecasts from 2020 

to 2030. Additionally, the forecasting period date was set as 2019, which marked the start of the 

predictive analysis. These settings were kept the same while forecasting for all the different age 

groups. 

The 𝒏-sub-epidemic modeling framework  

In the n-sub-epidemic framework used in this study, each sub-epidemic is modeled by a 

three-parameter generalized-logistic growth model (GLM). This framework employs multiple 

epidemic trajectories modeled as the aggregation of overlapping and asynchronous  
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sub-epidemics. A 𝑛-sub-epidemic trajectory consists of 𝑛 overlapping sub-epidemics and is 

described by a system of interconnected differential equations [24]: 

𝑑𝐶𝑖(𝑡)

𝑑𝑡
= 𝐶𝑖

′(𝑡) = 𝐴𝑖(𝑡)𝑟𝑖𝐶𝑖
𝑝𝑖(𝑡) (1 −

𝐶𝑖(𝑡)

𝐾0𝑖

)                                      (1) 

The incidence curve of pneumonia deaths is represented by 
𝑑𝐶𝑖(𝑡)

𝑑𝑡
, where 𝐶𝑖(𝑡) is the cumulative 

number of pneumonia deaths for sub-epidemic 𝑖. The parameters  𝑟𝑖, 𝑝𝑖 , 𝐾0𝑖
 define the 

characteristics of the 𝑖𝑡ℎ sub-epidemic, for 𝑖 = 1, … , 𝑛. The parameter 𝑟𝑖, denotes positive growth 

rate per unit of time, while parameter 𝐾0 signifies the final outbreak size. The early  

sub-exponential and exponential growth patterns are captured by the “scaling of growth” 

parameter 𝑝 ∈ [0,1]. When 𝑝 = 0 , this equation describes a constant number of new deaths 

over time, while 𝑝 = 1  indicates that the early growth phase is exponential. Intermediate values 

of 𝑝 (0 < 𝑝 < 1) indicate early sub-exponential (e.g., polynomial) growth dynamics. 

We considered the nonlinear least squares method to estimate the model parameters by 

matching the model results to the actual observed pneumonia deaths data. Post which, we 

identified the four best top-ranked sub-epidemic models using the corrected Akaike Information 

Criterion (𝐴𝐼𝐶𝑐) values from a selection of models with two sub-epidemics. The n-sub-epidemic 

framework quantified parameter uncertainty for the best-fit model, by employing 300 bootstrap 

realizations approach to project short-term forecasts [24].  

For our ensemble models, we created both weighted ensemble (2), (3) and (4) using 

relative likelihood to assign weights and unweighted ensemble (2), (3) and (4) assuming equal 

weights of the highest four ranked models to provide different forecasting methodologies, 

allowing us to compare results and assess the robustness of our projections. The 95% 

prediction interval (PI) was generated using the bootstrapping approach. More information about 

the n-sub-epidemic framework can be found in reference [24]. 

Auto-Regressive Integrated Moving Average Models (ARIMA) 
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There are three components involved in ARIMA: the auto-regression (AR) part, which 

uses the most recent values of the series, the moving average (MA) which accounts for current 

and past error terms, and the integration (I), which involves differentiation to stabilize the time 

series by addressing overall trends. The mathematical representation of ARIMA is:  

𝜙(𝐵)(1 − 𝐵)𝑑𝑦𝑡 = 𝑐 + 𝜃(𝐵)𝜖𝑡,                                               (5) 

Where the number of pneumonia deaths at time 𝑡 is denoted by  𝑦𝑡, backshift operator denoted 

by 𝐵, inferred as 𝐵𝑦𝑡 = 𝑦𝑡−1 and 𝐵(𝐵𝑦𝑡) = 𝐵2𝑦𝑡 = 𝑦𝑡−2, etc, 𝜙(B)  =  1 – 𝜙1 B − ⋯ − 𝜙𝑝𝐵𝑝
 here 

𝑝 is the order of the AR model, 𝑑 is the degree of differencing,  𝜃(𝐵) =  1 – 𝜃1 𝐵 − ⋯ −

𝜃𝑞𝐵𝑞  and the 𝑞 is the order of the MA model. With this notation, 𝜙(B)𝑦𝑡 =  𝑦𝑡 − 𝜙1𝑦𝑡−1 − ⋯ −

𝜙𝑝𝑦𝑡−𝑝, 𝜃(𝐵)𝜖𝑡 = 𝜖𝑡 − 𝜃1 𝜖𝑡−1 + ⋯ + 𝜃𝑞 𝜖𝑡−𝑞 , and (1 − 𝐵)𝑑 means conducting the differencing 𝑑 

times. The ARIMA model forecast was run in the StatModPredict dashboard using the default 

settings. Further details on the functions and methods used by the StatModPredict dashboard to 

run ARIMA model forecasts can be found in Bleichrodt A et al., 2024 [23].  

Generalized Additive Models (GAM) 

The generalized additive model (GAM) is a type of Generalized Linear Model including 

sum of unknown smooth functions of some covariates [25]. Below is the GAM expression 

specific to our study, where time is the only covariate, assuming that 𝑦𝑡 has normal distribution 

[25]: 

𝑦𝑡 = 𝛽0 + 𝑠(𝑡) + 𝜖𝑡 ,                                                          (6)                                           

where 𝑠(. )  is an unknown smooth function of time, and 𝜖𝑡~𝑁(0, 𝜎2) assuming model normality. 

To run the GAM model in the StatModPredict dashboard we used the default model settings. A 

more detailed description of the methodology used by the StatModPredict dashboard to run 

GAM model forecasts can be found in Bleichrodt A et al., 2024 [23] 
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Facebook’s Prophet Model 

Originally created for business forecasting, Facebook’s Prophet model [26] has become 

popular in various disciplines, including infectious disease modeling. The main idea behind the 

model is that it is "decomposable," meaning that the main trend, 𝑦(𝑡), can be broken down into 

three components (trend [g(t)], seasonality [s(t)], and holidays or events [h(t)]) along with an 

error term. As a result, the model is structured as follows: 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖𝑡                                                 (8) 

In this model, g(t) represents a non-periodic component that captures the overall time series 

trend, s(t) is a periodic trends component that models regular changes over time, and h(t) 

accounts for irregular events. The term ϵt represents the model’s error at time t (normally 

distributed). We ran the Prophet model in StatModPredict dashboard [23] using default settings, 

including automatic selection of s(t), described in Taylor S and Letham B et al., 2021 [27]. 

The SLR model used time as the only predictor, so it is not described in further detail in 

this paper. An elaborate description of the StatModPredict dashboard and the methods 

associated with fitting and forecasting the statistical models using this interface can be found 

in Bleichrodt A et al., 2024 [23]. 

Forecast interpretation 

Percent change 

We calculated the percent change to quantify and describe the forecasted change in 

trends for pneumonia mortality from 2019 through 2030 across different age groups. The 

calculation was as follows: 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑛𝑒𝑢𝑚𝑜𝑛𝑖𝑎 𝑑𝑒𝑎𝑡ℎ𝑠 (2030) – 𝐿𝑎𝑠𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑑𝑎𝑡𝑎 (2019)

𝐿𝑎𝑠𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑑𝑎𝑡𝑎 (2019)
 𝑋 100  

Model uncertainty 
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The model uncertainty in forecasting pneumonia deaths was determined to understand 

the level of variability in the predicted model trends. This was done by examining the interval 

trajectory, i.e., the increasing, decreasing or increasing-decreasing trend of the 95% PI bounds. 

Additionally, the average 95% PI width was calculated by determining the interval width for each 

year of the forecasting period and then averaging them out. 
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Results 

Overall global trend  

Figure 1 depicts the global trends in pneumonia mortality per 100000 people since 1990. 

Notably there has been a consistent and substantial rise in pneumonia-related deaths among 

individuals aged 70 years and older. Similarly, those aged 50–69 years have also shown a 

steady increase in mortality over the years. In stark contrast, those below 5 years of age have 

shown a substantial decline in the number of pneumonia deaths. Meanwhile, the mortality rates 

for age groups 15–49 years and 5–15 years have remained relatively stable over 30 years.  
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Figure 1: Global trends in pneumonia mortality per 100000 people across different age 

groups from 1990 through 2019. This figure shows the global number of pneumonia deaths 

among age groups 70 years and older (blue), 50–69 years (green), 15–49 years (red), 5–14 

years (yellow), and under 5 years (pink).  Each solid-colored line represents the trend in number 

of pneumonia deaths from 1990 through 2019 for the different age groups. World data for all 

age groups was obtained from the Institute for Health Metrics and Evaluation (IHME), 2019 [28]. 
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70 years and older age group 

Overall, our analysis of global trends from 1990 through 2030 indicated an increasing 

forecast trend in pneumonia mortality for individuals aged 70 years and older, across all models 

(Figure 2). The ARIMA model produced the widest 95% PI (width: 158238.9) and fanned 95% 

PI bounds compared to the other statistical models (Figure 2, 8a). Among all the models, the 

GAM model predicted the highest median deaths (1.6 million [95% PI: 1.5, 1.7]), with a percent 

change of 35.4% from 2019 to 2030 (Figure 7a). Interestingly, the n-sub-epidemic model 

predicted a lower median number of deaths i.e., 1.2 million (95% PI: 1.1, 1.3) in 2030. This 

model underpredicted the actual median number of pneumonia-related deaths compared to the 

observed data in 2019. That said, all the n-sub-epidemic top ranked and ensemble models 

distinctly forecasted an increase in pneumonia mortality for this age group (Figure 2). 
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Figure 2: Model forecasts for pneumonia mortality in the age group 70 years and older, 

globally. The panel shows the forecasts generated using statistical models Auto-Regressive 

Integrated Moving Average Models (ARIMA), Generalized Additive Models (GAM), Simple 

Linear Regression (SLR), Facebook’s Prophet (Prophet) and mathematical n-sub-epidemic 

framework (unweighted (UW), weighted (W) ensemble and top ranked models). The forecasts 

for all pneumonia-related deaths in the age group 70 years and older, at a global level, are 

captured. The black circles represent observed data from 1990 to 2019, while the solid red line 

shows the median forecast. The 95% PI is indicated by the black dashed lines, forming a grey 

ribbon. The vertical dash line is the forecasted period date, to the right of which represents the 

start of our predictive analysis. 
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50–69 years age group 

Among those aged 50–69 years, similar increasing trends in the number of pneumonia 

deaths were seen across all models. However, the predicted increase was seen to be gradual 

over time (Figure 3). Compared to all the models, the Prophet model predicted the highest 

percent change of 19.9% from 2019 to 2030, and the least percent change of 5.5% was seen 

with n-sub-epidemic third ranked model (Figure 7a, 7b). All models forecasted a consistent 

increasing trajectory of the upper and lower bound 95% PIs (Figure 8a, 8b). However, the 

ARIMA and GAM produced slightly wide and fanned 95% PI, estimating some forecasting 

uncertainty until 2030. All the n-sub-epidemic top ranked and ensemble models forecasted a 

consistent increasing trend within narrow 95% PI bounds. 
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Figure 3: Model forecasts for pneumonia mortality in the age group 50–69 years, globally. 

The panel shows the forecasts generated using statistical models Auto-Regressive Integrated 

Moving Average Models (ARIMA), Generalized Additive Models (GAM), Simple Linear 

Regression (SLR), Facebook’s Prophet (Prophet) and mathematical n-sub-epidemic framework 

(unweighted (UW), weighted (W) ensemble and top ranked models). The forecasts for all 

pneumonia-related deaths in the age group 50–69 years, at a global level, are captured. The 

black circles represent observed data from 1990 to 2019, while the solid red line shows the 

median forecast. The 95% PI is indicated by the black dashed lines, forming a grey ribbon. The 

vertical dash line is the forecasted period date, to the right of which represents the start of our 

predictive analysis. 
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15 – 49 years age group 

For the age group 15–49 years, figure 4 showed some variations among model forecasts. 

All four statistical models indicated an increasing percent change ranging from 0.1% to 11.6% 

(Figure 7a), whereas the n-sub-epidemic models predict a decreasing percent change, ranging 

from −9.1% to −11.6% (Figure 7b), with narrow 95% PIs (Figure 4). While the statistical models 

display an upward trend, their 95% prediction intervals were fanned (i.e. increasing-decreasing 

interval trajectory), leading to heightened uncertainty in the related forecasts. Additionally, the 

ARIMA model had the largest 95% PI width of 44555.4 (Figure 8a), while the n-sub-epidemic 

second ranked model had the smallest width at 13670.6 (Figure 8b).  
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Figure 4: Model forecasts for pneumonia mortality in the age group 15–49 years, globally. 

The panel shows the forecasts generated using statistical models Auto-Regressive Integrated 

Moving Average Models (ARIMA), Generalized Additive Models (GAM), Simple Linear 

Regression (SLR), Facebook’s Prophet (Prophet) and mathematical n-sub-epidemic framework 

(unweighted (UW), weighted (W) ensemble and top ranked models). The forecasts for all 

pneumonia-related deaths in the age group 15–49 years, at a global level, are captured. The 

black circles represent observed data from 1990 to 2019, while the solid red line shows the 

median forecast. The 95% PI is indicated by the black dashed lines, forming a grey ribbon. The 

vertical dash line is the forecasted period date, to the right of which represents the start of our 

predictive analysis. 
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5–14 years age group  

All models predicted a consistent decline in pneumonia mortality trends for individuals 

aged 5–14 years (Figure 5). The statistical models showed a percent change ranging from  

−25.7% to −45.9% (Figure 7a), while the n-sub-epidemic models exhibited a percent change 

from −22.7% to −29.2% (Figure 7b). The widest forecast, 95% PIs were observed with the 

ARIMA (14983.1) and GAM (27447.7) models, where the GAM model displayed some level of 

forecasting uncertainty in the 95% PI trajectory (i.e. increasing-decreasing interval trajectory) 

(Figure 8a). On the other hand, among the n-sub-epidemic models the second ranked model 

had a relatively narrow 95% PI width of 5913.2 (Figure 8b). 
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Figure 5: Model forecasts for pneumonia mortality in the age group 5–14 years, globally. 

The panel shows the forecasts generated using statistical models Auto-Regressive Integrated 

Moving Average Models (ARIMA), Generalized Additive Models (GAM), Simple Linear 

Regression (SLR), Facebook’s Prophet (Prophet) and mathematical n-sub-epidemic framework 

(unweighted (UW), weighted (W) ensemble and top ranked models). The forecasts for all 

pneumonia related deaths in the age group 5–14 years, at a global level, are captured. The 

black circles represent observed data from 1990 to 2019, while the solid red line shows the 

median forecast. The 95% PI is indicated by the black dashed lines, forming a grey ribbon. The 

vertical dash line is the forecasted period date, to the right of which represents the start of our 

predictive analysis. 
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Under 5 years age group 

Forecast for those under 5 years of age showed a declining trend across all statistical and 

n-sub-epidemic models, with very narrow 95% PIs (Figure 6). The overall percent change in 

forecasted deaths by the statistical models ranged from −57.2% to −97.3%, with the SLR model 

predicting the highest percent change from 2019 to 2030 (Figure 7a). The n-sub-epidemic 

models on the other hand showed consistent percent change between −33.2% to −33.9% 

(Figure 7b). The widest forecast interval width of 289912.0 was observed with the ARIMA 

(Figure 8a), while the n-sub-epidemic first ranked model showed the smallest interval width of 

58729.0 compared to all the other models (Figure 8b).  

In this study the ARIMA model captured the linear or nonlinear (specifically, quadratic) 

trends by choosing the differencing order d=1 or 2 and the AR order p=0, indicating that after 

appropriate differencing, the previous observations of the time series do not provide additional 

information for pneumonia mortality.  
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Figure 6: Model forecasts for pneumonia mortality in the age group under 5 years, 

globally. The panel shows the forecasts generated using statistical models Auto-Regressive 

Integrated Moving Average Models (ARIMA), Generalized Additive Models (GAM), Simple 

Linear Regression (SLR), Facebook’s Prophet (Prophet) and mathematical n-sub-epidemic 

framework (unweighted (UW), weighted (W) ensemble and top ranked models). The forecasts 

for all pneumonia related deaths in the age group under 5 years, at a global level, are captured. 

The black circles represent observed data from 1990 to 2019, while the solid red line shows the 

median forecast. The 95% PI is indicated by the black dashed lines, forming a grey ribbon. The 

vertical dash line is the forecasted period date, to the right of which represents the start of our 

predictive analysis. 
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Figure 7 (a): Percent change in the number of pneumonia deaths from 2019 to 2030 for 

age groups 70 years and older, 50–69 years, 15–49 years, 5–14 years, and under 5 years, 

generated using statistical models. The panel shows the relative percent change from the 

last year of data used during the model calibration process (2019) to the forecasted median 

number of pneumonia deaths in 2030 for different age groups. This figure shows results from 

the Auto-Regressive Integrated Moving Average Models (ARIMA), Generalized Additive Models 

(GAM), Simple Linear Regression (SLR), and Facebook’s Prophet model. Purple tiles indicate 

forecasted decreases, and green tiles indicate forecasted increases from 2019 to 2030. Darker 

colors indicate a greater percent change in either direction (i.e., negative or positive). The 

values within each tile correspond to the relative percent change in pneumonia deaths from 

 2019 to 2030.  
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Figure 7 (b): Percent change in the number of pneumonia deaths from 2019 to 2030 for 

age groups 70 years and older, 50–69 years, 15–49 years, 5–14 years, and under 5 years, 

generated using mathematical modeling framework. The panel shows the relative percent 

change from the last year of data used during the model calibration process (2019) to the 

forecasted median number of pneumonia deaths in 2030 for different age groups. This figure 

shows results from the n-sub-epidemic (NSE) top ranked, unweighted (UW), and weighted (W) 

ensemble models. Purple tiles indicate forecasted decreases, and green tiles indicate 

forecasted increases from 2019 to 2030. Darker colors indicate a greater percent change in 

either direction (i.e., negative or positive). The values within each tile correspond to the relative 

percent change in pneumonia deaths from 2019 to 2030.  

The Percent change for age group 70 years and older was calculated against median model fit 

2019 instead of observed data.  
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Figure 8 (a): Statistical model uncertainty associated with pneumonia mortality forecasts 

among age groups 70 years and older, 50–69 years, 15–49 years, 5–14 years, and under 5 

years. The panel shows the uncertainty related to the number of pneumonia deaths forecasts 

(2020 to 2030) associated with the statistical models Auto-Regressive Integrated Moving 

Average Models (ARIMA), Generalized Additive Models (GAM), Simple Linear Regression 

(SLR), and Facebook’s Prophet model. Data is provided by age groups 70 years and older,  

50–69 years, 15–49 years, 5–14 years, and under 5 years. The colors shown correspond to the 

directions of the upper and lower 95% PIs for each forecast. "Decrease" indicates that both 

bounds decrease from the start to end of the forecasting period, "Increase" indicates both 

bounds increase from start to end, and "Increase-Decrease" describes contradicting trends 

between the upper and lower bounds. The values shown within each tile represent the average 

95% PI width across the 11-year forecast period. 
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Figure 8 (b): Mathematical model uncertainty associated with pneumonia mortality 

forecasts among age groups 70 years and older, 50–69 years, 15–49 years, 5–14 years, 

and under 5 years. The panel shows the uncertainty related to the number of pneumonia 

deaths forecasts (2020 to 2030) generated using the mathematical n-sub-epidemic framework 

(top ranked, unweighted (UW), and weighted (W) ensemble models). Data is provided by age 

groups 70 years and older, 50–69 years, 15–49 years, 5–14 years, and under 5 years. The 

colors shown correspond to the directions of the upper and lower 95% PIs for each forecast. 

"Decrease" indicates that both bounds decrease from the start to end of the forecasting period, 

"Increase" indicates both bounds increase from start to end, and "Increase-Decrease" describes 

contradicting trends between the upper and lower bounds. The values shown within each tile 

represent the average 95% PI width across the 11-year forecast period. 
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Discussion 

The findings from our research shed light on forecast trends in pneumonia mortality 

across different age groups, using ARIMA, GAM, SLR, Prophet and n-sub-epidemic forecasting 

models. These models were selected for their distinct strengths in handling time-series data and 

their complementary abilities to capture different aspects of pneumonia mortality trends. 

Specifically, the ARIMA models capture linear or nonlinear trends. The GAM and Prophet 

models provide flexible methodologies to capture nonlinear relationships. Finally, the n-sub-

epidemic framework models overlapping and asynchronous sub-epidemic trajectories, making it 

suitable for heterogeneous patterns in infectious disease mortality trends. By including both 

statistical (ARIMA, GAM, Prophet) and mechanistic (n-sub-epidemic) approaches, we ensured a 

comprehensive analysis that leverages on model strengths to validate trends and improve 

forecast reliability. 

The GBD 2021 estimated that among those aged 70 years and over the incidence rate of 

non-COVID-19 LRIs globally was the highest [29]. In support of which, our model forecasts 

found that the number of pneumonia deaths are predicted to escalate from around 1 million in 

2019 to about 1.6 million by 2030, among this age group. Similar increasing trends were 

reported among the 50-69 years age group in our study. One contributing factor to this 

concerning surge in pneumonia mortality could be the projected demographic shift towards an 

aging population [5,30-31]. Along with aging, diminished immunity, deteriorating lung capacity, 

coexistence of comorbidities [31], and exposure to environmental particulate matter [32] have 

been common contributing factors for pneumonia related mortality among the elderly. Some 

studies have also found positive association between climatic changes like humidity, 

temperature variation, extreme cold, temperate climate and incidence of pneumonia [33-34]. 

This grave burden of pneumonia is majorly recorded in low- and middle-income countries, 

with rates higher than the global average of 60 deaths per 100000 among children [29]. 

Additional estimates by Shi T et al., in their study reported about 600000 more pneumonia 
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related hospitalizations among the elderly in developing countries, compared to industrialized 

countries [35]. The low- and middle-income countries often experience higher mortality rates, 

exacerbated by poor vaccine access, limited healthcare facilities, and greater exposure to 

environmental pollutants. Conversely, high-income countries benefit from advanced healthcare 

systems and widespread immunization programs, resulting in lower mortality rates.  

In our study all statistical and the n-sub-epidemic models forecast that those under 5 

years of age will experience the highest declining percent change in pneumonia mortality by 

2030, highlighting the positive outcomes of policies and interventions focusing on this age 

group. This is in accordance with continued steady declining trend in pneumonia deaths from 

1990 to 2019, among this age group, with about a 28% decline in the number of deaths 

specifically between 2019 to 2021 [29]. This drastic drop was mainly due to the restrictions and 

preventive measures incorporated to lower COVID-19. The implemented strategies, such as 

hand-hygiene, isolation, lockdowns and facemasks proved beneficial in reducing the overall 

incidence of respiratory infections across all ages [29].  Moreover, the IHME 2021 also projected 

that LRIs will become the 9th leading cause of global disease burden by 2050, giving up its 

current 5th position [36]. This reduction could be attributed to many factors such as the reduction 

in childhood malnutrition, improved air pollution policies, better sanitation, smoke-free laws, 

overall improved access to health care, health technology, medication and vaccines [5,37-38].  

Furthermore, emergence of vaccines as an effort to prevent pneumonia and other related 

respiratory infections has shown favorable reduction in deaths due to pneumonia [29,39]. 

However, certain disparities in vaccine coverage do exist especially in low- and middle- income 

countries. A model-based epidemiological study suggested that efforts in introduction of 

pneumococcal conjugate vaccine (PCV) in low- and middle – income countries could prevent 

about 697000 deaths, highlighting the importance of improving vaccine coverage in developing 

countries [40].  
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Antimicrobial resistance is another significant threat to global health, killing about 4.95 

million each year [41]. Resistance to antibiotics is a serious problem that makes the treatment of 

pneumonia harder, resulting in longer hospitalization, and complicating patient care. A study 

conducted in Bangladesh among children under 5 years of age observed that children who were 

infected with antimicrobial-resistant bacteria had higher rate of mortality [42]. The elderly 

population are also highly susceptible to drug-related pneumonia mortality due to existing 

comorbidities and weaker immune system [43]. This rising resistance to common antibiotics 

leads to higher treatment failure and adverse pneumonia outcomes. The emergence of vaccine  

and employment of antibiotic stewardship programs could help reduce pneumonia related 

deaths over the years as a solution to overcome these challenges with antimicrobial resistance.  

The incidence and mortality rate of pneumonia among 15–49 years and children 5–14 

years, has remained consistent. However, limited studies focused on understanding the trends 

in pneumonia mortality in these age groups [4]. All our model forecast predicted that by 2030 

there will be a consistent decrease in pneumonia mortality, among 5–14 years age group, 

globally. Although, certain uncertainties in model forecasts were noted in forecasting pneumonia 

mortality. For example, forecasts for the 15–49 age group showed conflicting trends, with 

statistical models (ARIMA, GAM, Prophet) predicting slight increase in pneumonia mortality, 

while n-sub-epidemic models forecasted a decrease. This discrepancy may stem from inherent 

differences in the models' assumptions and methodologies. Statistical models like ARIMA and 

GAM rely on historical trends and may extrapolate small upward trends, potentially 

overestimating future mortality. In contrast, the n-sub-epidemic framework accounts for 

overlapping epidemic dynamics, possibly capturing declining trends in specific sub-epidemics 

not apparent in the aggregate data.  

Several factors could drive these divergent predictions. Improvements in healthcare 

access, vaccination coverage, and socioeconomic conditions could contribute to declining 

trends, as captured by the n-sub-epidemic models, while statistical models may reflect 



41 
 

persistent vulnerabilities such as gaps in healthcare or antimicrobial resistance that 

disproportionately affect this working-age population. Additionally, environmental and behavioral 

factors like urbanization and smoking prevalence might exert varying influences on mortality 

trends across regions and populations within this age group.  

To better understand these discrepancies, future work could incorporate additional data 

sources, such as region-specific socioeconomic and healthcare indicators, to refine model 

predictions. Exploring interactions between key drivers like vaccination uptake and antimicrobial 

resistance could provide a more nuanced understanding of the factors influencing mortality 

trends in the 15–49 age group. Addressing these complexities could yield more accurate and 

actionable insights for targeted interventions. 

This study presents certain limitations. The database definition of pneumonia was derived 

based on symptoms alone, thus other LRI with similar symptoms may have been included. 

Additionally, our study focused on global pneumonia mortality trends, and we acknowledge that 

regional variations are crucial to understanding the full scope of the disease burden. Pneumonia 

mortality rates can vary significantly across regions due to disparities in socioeconomic 

conditions, healthcare access, environmental factors, and public health infrastructure. Future 

studies could extend this work by incorporating region-specific data to explore these variations 

in greater detail. This would allow for tailored public health interventions addressing the unique 

challenges and resources of different regions. It should also be noted that the statistical models 

were run using default StatModPredict dashboard settings without any customizations for 

growth trends, seasonal changes, and events or holidays. Moreover, the n-sub-epidemic 

framework did not account for behavioral changes or interventions which could impact disease 

trajectory. Further analysis is required to assess the variation in trends after accounting for 

these factors. Retrospective analysis of this study should be considered in the future once data 

for the forecasted years are available to determine the robustness and accuracy of these 

forecasts. The reliability of our model forecasts was solely based on the consistency across all 
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the models in predicting the number of pneumonia deaths in different age groups and observing 

the trends based on historic data. It is important to note that as this study did not evaluate the 

forecast model performance metrics, thus a definite conclusion on which model performed the 

best cannot be drawn.  

Despite these limitations, the global trends identified in our study offer a foundational 

understanding of pneumonia mortality upon which future research can build. The insights 

gained from our research can offer valuable assistance for current and future public health 

planning, as the predicted trends reflect and highlight the efficacy of current intervention 

strategies and their effect on future outcomes. Besides, data generated from this study could be 

utilized to shift focus towards improving vaccination coverage, treatment and other interventions 

towards those age groups that are predicted to see higher pneumonia mortality over the coming 

years. 
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Conclusion 

Our study indicated that by 2030 the number of pneumonia deaths among the elderly is 

predicted to increase, while in children below 5 years it will decrease. This understanding 

highlights the importance of channeling efforts towards age-specific interventions to effectively 

mitigate pneumonia mortality. Additionally, this study also highlighted the importance of robust 

modeling techniques in long-term pneumonia mortality forecasting at a global level under 

varying assumptions and data characteristics. Future research should consider incorporating 

additional data sources, refining model parameters, and evaluating model performance metrics 

to enhance predictive accuracy of the models and utility of results in informing public health 

strategies.  
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