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Abstract 

This research evaluates four forecasting models—Gompertz, Logistic, Autoregressive Integrated Moving Average 

(ARIMA), and Long Short-Term Memory (LSTM)—to project adult obesity prevalence in China from 1975 to 2016. 

Model performance was assessed using R², MSE, RMSE, and SSE measures based on World Health Organisation data. 

The results indicated a continuous and nonlinear increase in obesity, mirroring China's swift urbanisation, economic 

development, and dietary changes. The Logistic model attained the maximum accuracy (R² = 0.9997; RMSE = 0.0312), 

accurately depicting the sigmoidal progression of obesity. The Gompertz model (R² = 0.9961) effectively represented 

asymmetric long-term growth, whereas the ARIMA model (R² = 0.8098) excelled in short-term forecasting but 

inadequately depicted nonlinear dynamics. The LSTM model (R² = 0.8199; RMSE = 0.0582) exhibited robust adaptability 

and temporal learning, as validated by five-fold cross-validation. Research indicates that obesity in China has not yet 

attained saturation, highlighting the necessity for immediate and evidence-based health treatments. The amalgamation of 

interpretable growth models with adaptive deep-learning architectures establishes a formidable hybrid framework for 

predicting chronic disease trends and facilitating evidence-based public health interventions. 

Keywords: Adult obesity, Growth curves, Time series, Forecasting, China. 

 

Öz 

Bu araştırma, 1975'ten 2016'ya kadar Çin'deki yetişkin obezite yaygınlığını tahmin etmek için dört tahmin modelini 

değerlendirmektedir: Gompertz, Lojistik, Otoregresif Entegre Hareketli Ortalama (ARIMA) ve Uzun Kısa Süreli Bellek 

(LSTM). Model performansı, Dünya Sağlık Örgütü verilerine dayanan R², MSE, RMSE ve SSE ölçümleri kullanılarak 

değerlendirilmiştir. Sonuçlar, Çin'in hızlı kentleşmesini, ekonomik gelişimini ve diyet değişikliklerini yansıtan obezitede 

sürekli ve doğrusal olmayan bir artış olduğunu göstermiştir. Lojistik model, obezitenin sigmoidal ilerlemesini doğru bir 

şekilde tasvir ederek maksimum doğruluğa ulaşmıştır (R² = 0,9997; RMSE = 0,0312). Gompertz modeli (R² = 0,9961) 

asimetrik uzun vadeli büyümeyi etkili bir şekilde temsil etmiş, ARIMA modeli (R² = 0,8098) ise kısa vadeli tahminde 

mükemmel olmuş ancak doğrusal olmayan dinamikleri yetersiz bir şekilde tasvir etmiştir. LSTM modeli (R² = 0,8199; 

RMSE = 0,0582), beş katlı çapraz doğrulama ile doğrulandığı üzere, güçlü bir uyum ve zamansal öğrenme sergilemiştir. 

Araştırmalar, Çin'deki obezitenin henüz doygunluğa ulaşmadığını ve acil ve kanıta dayalı sağlık tedavilerine olan ihtiyacı 

vurgulamaktadır. Yorumlanabilir büyüme modellerinin uyarlanabilir derin öğrenme mimarileriyle birleştirilmesi, kronik 

hastalık eğilimlerini tahmin etmek ve kanıta dayalı halk sağlığı müdahalelerini kolaylaştırmak için güçlü bir hibrit çerçeve 

oluşturmaktadır. 

Anahtar Kelimeler: Yetişkin obezitesi, Büyüme eğrileri, Zaman serisi, Tahmin, Çin.  
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1. Introduction 

The global incidence of obesity has roughly tripled since 1975, with projections indicating that 

over 1 billion individuals worldwide would contend with obesity by 2030 (Schreurs et al., 2025). The 

concerning statistics highlight the immediate necessity for extensive public health measures to 

combat the escalating obesity epidemic (Das, 2025). Obesity is a chronic, recurrent condition defined 

by abnormal or excessive body fat and is linked to several problems, including type 2 diabetes and 

cardiovascular illnesses (Çolak et al., 2003; Çolak & Yiğit, 2017). In summary, obesity-related 

disorders present a considerable present and future risk to human health (Fu et al., 2025). 

A forecasting study indicated that, owing to the persistent obesity epidemic, over 1.31 billion 

individuals globally are projected to develop diabetes by 2050 (Ong et al., 2023). A separate study 

indicated that obesity-related cancer cases may increase to 2 million worldwide by 2070, representing 

7% of all cancer cases (Soerjomataram & Bray, 2021). Numerous nations, including China, have 

witnessed consistent rises in obesity rates over recent decades, with projections indicating that by 

2030, approximately two-thirds of Chinese adults will be classified as overweight or obese (Wang et 

al., 2021; Wang et al., 2025b). The data acquired by policymakers and scientists through statistical 

estimation and artificial intelligence prediction methods is a crucial factor for formulating short- and 

long-term goals (Çolak & Çolak, 2024). 

The Gompertz model, a classical statistical method, is a nonlinear model that necessitates the 

formulation of the model equation, the selection of suitable initial values for the model parameters, 

and the application of nonlinear solution techniques that require the development of a solution 

program (Guo & Wang, 2024; Şenol, 2020a). The Logistic model is a commonly employed strategy 

within traditional statistical techniques (Şenol, 2020a). Machine learning, a predictive method within 

artificial intelligence, is gaining popularity daily (Çolak, 2025d; Şenol et al., 2024b). Machine 

learning is an intricate data-driven methodology that yields precise predictions by discerning the 

nonlinear relationships between independent variables and the dependent variable, thereby 

facilitating model development, enhancing computational efficiency, and improving outcome 

predictions relative to conventional statistical models (Çolak, 2025a; Çolak & Şenol, 2023; Şenol et 

al., 2024d). The Autoregressive Integrated Moving Average (ARIMA) is the most favoured model 

among time series methodologies (Çolak, 2025b; Şenol et al., 2024a; Şenol et al., 2025b). Long Short 

Term Memory (LSTM) is a specialised form of recurrent neural network (RNN) designed to mitigate 

the vanishing gradients issue and proficiently manage long-term dependencies in sequential data 

(Miri-Moghaddam et al., 2024). 
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Literature reviews contain studies pertaining to obesity. In a study focused on Mexico, Reyes-

Sanchez et al. (2023) projected obesity trends for the years 2030 and 2040, employing the Gompertz 

Model method as one of their analytical approaches. Debele et al. (2023) employed Gompertz Model 

in their study, which also examined obesity in Ethiopia. Carlsson et al. (2020) analysed mortality and 

life expectancy in obese individuals utilising Gompertz Model in Sweden. Palloni et al. (2015) did a 

study in Mexico to determine the correlation between obesity and diabetes with Gompertz Model and 

Logistic Model. In a study conducted in Türkiye, Çolak and Çolak (2024) forecasted the distribution 

of pre-obesity by gender until 2030 using artificial neural networks (ANN), ARIMA, and Holt-

Winters (HW) methodologies. De Gregory et al. (2018) examined obesity data utilising linear 

regression, Logistic regression, ANN, and decision tree methodologies. Montanez et al. (2017) 

predicted obesity utilising gradient boosting (GB), generalised linear model, regression trees, k-

nearest neighbours (kNN), support vector machine (SVM), random forest (RF), and multilayer 

perceptron (MLP) methodologies. Zheng and Ruggiero (2017) employed binary Logistic regression, 

improved decision tree (IDT), kNN, and ANN to forecast obesity among high school students. Jeon 

et al. (2023) employed MLP, Light gradient boosting (LGB), RF, SVL, LR, and extreme gradient 

boosting (XGBoost) techniques to forecast obesity. Ferreras et al. (2023) examined machine learning 

techniques employed in the prediction of obesity and overweight in the literature. Thamrin et al. 

(2021) forecasted adult obesity in Indonesia utilising Logistic regression, regression trees, and Naive 

Bayes approaches. Pang et al. (2019) anticipated risk determinants for paediatric obesity in the United 

States via the XGBoost methodology. In a study conducted in China, Han et al (2019) examined the 

correlation between obesity and metabolic syndrome utilising LM for overweight and obese people 

aged 13 to 19 years. Wang et al. (2022b) assessed the risk of overweight and obesity in Chinese 

children aged 3-6 years utilising SVM, RF, kNN, GB, XGBoost, LGB, and NB methodologies. Zhang 

et al. (2024) forecasted the emergence of overweight (pre-obesity phase) among high school kids in 

China utilising FR, GB, XGBoost, CatBoost, and LR. In a separate study, Lin et al. (2023) employed 

LR, kNN, ANN, DT, RF, GB, and CatBoost to forecast obesity in overweight persons in China. Du 

et al. (2024) forecasted obesity rates in China utilising RF, XGBoost, SVM, LGB, DT, GB, MLP, 

kNN, backpropagation neural network (BPNN), and LR. Wang et al. (2022a) favoured the use of LR, 

DT, SVM, RF, kNN, GB, XGBoost, LGB, and NB techniques for predicting overweight and obesity 

in preschool children in China. Zhang et al. (Zhang et al., 2022) identified the risk factors linked to 

obesity in Chinese students aged 6-14 years utilising kNN DT, SVM, RF, LR, soft voting classifier, 

hard voting classifier, Bernoulli Naive Bayes, Multi Naive Bayes, Gaussian Naive Bayes, XGBoost, 

LGB, and GB. 

 



Karadeniz Fen Bilimleri Dergisi 16(1), 475-496, 2026 478 

This study's primary innovation is in its revelation of the comparative dynamics of obesity rate 

changes, utilising growth curves through classical statistical methods and artificial intelligence via 

machine learning techniques, covering the period from 1975 to 2016 for adult obesity trends in China. 

This methodology integrates the benefits of conventional statistical techniques with artificial 

intelligence models to achieve more comprehensive, adaptable, and precise forecasts regarding the 

trajectory of the obesity pandemic. The derived model-based outcomes serve as an essential reference 

for formulating health policies and devising strategic strategies to address obesity; the data analysis 

facilitates the execution of innovative treatments in public health practices. Consequently, the study 

offers both scientific and practical contributions to enhancing current tactics devised to combat the 

obesity issue and to formulating solution recommendations. 

 

2. Theoretical Method 

2.1. Data Set 

The dataset used in this study includes obesity data of adult individuals collected for the period 

1975-2016 for China, and the data were provided by World Health Organisation (WHO, 2025) (Table 

1). 

Table 1. Obesity data for China between 1975 and 2016. 

Years Obesity data (%) Years Obesity data (%) 

1975 0.4 1996 1.7 

1976 0.5 1997 1.8 

1977 0.5 1998 2 

1978 0.5 1999 2.1 

1979 0.5 2000 2.3 

1980 0.6 2001 2.5 

1981 0.6 2002 2.6 

1982 0.6 2003 2.8 

1983 0.7 2004 3 

1984 0.7 2005 3.2 

1985 0.8 2006 3.5 

1986 0.8 2007 3.7 

1987 0.9 2008 3.9 

1988 1 2009 4.2 

1989 1 2010 4.5 

1990 1.1 2011 4.8 

1991 1.2 2012 5.1 

1992 1.3 2013 5.5 

1993 1.4 2014 5.8 

1994 1.5 2015 6.2 

1995 1.6 2016 6.6 
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2.2. Gompertz Model 

 

  

The Gompertz function serves as an effective mathematical instrument for modelling gradual 

growth or decline processes seen in the early and late phases of specific time intervals (Abhishek et 

al., 2025). This model is utilised in various domains, including obesity prediction (Reyes-Sánchez et 

al., 2023). The Gompertz growth curve belongs to the category of Richards sigmoidal growth models, 

which includes notable models such as the negative exponential, Logistic, and Bertalanffy models. 

These models, originally conceived within a deterministic framework, have been expanded to 

incorporate stochastic effects to reconcile the differences between experimental data and theoretical 

outcomes (Albano et al., 2020). Equation 1 presents the formula for the modified GM (Şenol, 2020b).  

 

𝑦 =  𝐴𝑒
(−𝑒[

𝜇𝑚𝑒(𝜆−𝑡)

𝐴
+1])

                                                                                                                   (1) 

 

In this context, t is the index associated with the observation year, where t=1 corresponds to 

1975, t=2 to 1976, and so forth, culminating in t=42 for the year 2016. In the model, 𝐴 is the upper 

limit (asymptotic value) that the pertinent variable (obesity rate in this study) can attain. Additional 

constants in the exponential function (e.g., 𝜆, 𝜇, etc.) act as coefficients that dictate the beginning and 

intermediate growth rates, along with the system's inclination to approach saturation. The Gompertz 

curve is often favoured for modelling processes that exhibit gradual change (growth or decline), 

particularly during the start and terminal phases (Şenol, 2020a). 

This function can illustrate the temporal progression of the phenomenon under investigation 

(e.g., obesity) within a framework that initially exhibits a gradual growth, subsequently accelerates, 

and ultimately nears a saturation threshold. Thus, time series data about the percentage of adult 

obesity from 1975 to 2016 can be systematically analysed, commencing from a defined initial point 

(t=1), by fitting the Gompertz function to yield predictions concerning future trends and potential 

upper limits. 

2.3. Logistic Model  

The Logistic growth process is characterised as a continuously differentiable function, initially 

used in population studies, and is approximately S shaped. Over the past fifty years, this function has 

garnered significant attention not only in demography but also across various academic disciplines 

and application domains; it has been utilised as an effective approach for modelling the temporal 

dynamics of system development (Jin et al., 2025). Research utilising this methodology also 

encompasses obesity estimations (Palloni et al., 2015). The S-shaped curve has similar stages in 
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explaining the changes in obesity rates over time. Initially, a low obesity prevalence is observed in 

the population when obesity is new or not widespread; this initial value may be greater than zero if 

there is an effect of previous cycles of increase. Then, under the influence of epidemiological and 

lifestyle factors, obesity rates exhibit an almost exponential increase towards the midpoint of the 

cycle, temporarily showing an increasing trend approaching linear growth. In the final stage, with the 

introduction of factors such as health policies, awareness and other interventions, the rate of increase 

slows down and shows a decreasing trend until it reaches a high rate that can be defined as the obesity 

carrying capacity of the society. The equation of the Logistic growth curve is given in Equation 2 

(Şenol, 2020a).                

      

        𝑦 =
𝐴

[1+𝑒
4𝜇𝑚𝑒(𝜆−𝑡)

𝐴
+2]

                                                                                                                     (2) 

A: It denotes the upper limit of growth potential (carrying capacity or asymptotic value). In the 

realm of obesity research, it denotes the maximum threshold that the obesity prevalence in a 

population can attain. 

μm: It is a coefficient that dictates the rate of curve growth (or the steepness of the ascent). As 

the value escalates, the growth rate in the intermediate range also amplifies. 

λ: It is a location parameter that modifies the segment on the time axis where the curve exhibits 

its maximum growth rate or approaches the inflection point. In other words, it identifies the temporal 

value at which it encounters the median of the growth process. 

t: It represents a temporal variable. By inputting the t value for each time unit (e.g., year) into 

the model, the anticipated value of the obesity rate (or the growing phenomenon under examination) 

at that specific moment is computed. 

4 and +2: Constants that govern the symmetry of the Logistic curve, the position of the 

inflection point, and the allocation of the growth rate. These constants provide a more realistic and 

data-compatible modelling of the transition from the initial low growth rate to the rapid increase 

phase, culminating in the saturation phase. This Logistic model is effective for comprehending the 

slow development of a rate over time, such as obesity, and for facilitating future forecasts. The "S"-

shaped feature of the model encompasses the complete trajectory, beginning with a gradual ascent, 

followed by a swift escalation in the medium term, and culminating in a deceleration as it nears the 

upper limit (carrying capacity). Thus, it can furnish essential information to decision-makers for 

monitoring major public health issues, such as obesity, and for formulating requisite intervention 

strategies. 
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2.4. Autoregressive Integrated Moving Average (ARIMA) 

 

The ARIMA model is a commonly employed technique in time series analysis, facilitating 

predictions by analysing the influence of historical data on future values (Siddique et al., 2025). This 

paradigm comprises three fundamental components (Şenol et al., 2024a). 

AR (Autoregressive): It delineates the correlation between the historical values of the series 

and the present values. Autoregressive terms posit that the patterns identified in the time series stem 

from preceding values. In the AR(p) model, the present value of the series is determined by a linear 

combination of the preceding p values and an error component. 

I (Integrated): It encompasses procedures for rendering the series immobile. Numerous real-

world time series comprise data with non-constant mean and variance, lacking the characteristic of 

stationarity. The integration method seeks to render the series stationary by applying a specific level 

of differencing (d). Thus, the statistical features are maintained in the differenced series across time, 

facilitating the development of a more reliable model. 

MA (Moving Average): It delineates the correlation between the present value and the historical 

error terms (residuals). The moving average model illustrates how unforeseen shocks or random 

variations from prior periods influence the present value. In the MA(q) model, the current value of 

the series is the sum of a linear combination of the error terms from the preceding q periods plus a 

mean value. 

The ARIMA model is represented as ARIMA(p,d,q), where p denotes the order of 

autoregressive terms, d signifies the order of differencing required for stationarity, and q represents 

the order of moving average components. Through this structural framework, ARIMA identifies the 

regularities that arise in the time series by assessing the influence of previous observations alongside 

the pattern of random error components across time. Consequently, it yields consistent and elucidative 

outcomes in short- and medium-term projections (Şenol et al., 2024c). The ARIMA model's general 

equation is presented in Equation 3 (Wang et al., 2025a). 

 

𝑌𝑡 = 𝜙1𝑊𝑡−1 + ⋯ 𝜙𝑝𝑊𝑡−𝑝 + 𝑒𝑡−𝜃1𝑒𝑡−1 − 𝜃2𝑒𝑡−2 − ⋯ 𝜃𝑞𝑒𝑡−𝑞                                            (3) 

 

In this equation, the time series value at time t, Yt, serves as the fundamental variable of the 

model μ, representing the mean or constant term of the series, may alternatively be denoted as ϕ0 or 

β0 in certain notations. The AR parameters ϕi elucidate the influence of prior period values (e.g., Yt-

1, Yt-2, etc.) on the current period, with the coefficient ϕ1 serving as the most fundamental illustration 

of this effect. The value of the series during the previous period (t-i), Yt-i, indicates the historical 

dependency upon which the AR structure relies. The MA parameters θj represent the influence of 
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previous error terms (e.g., εt-1, εt-2) on the current value, illustrating the impact of unforeseen 

variations in the series across time. The error terms are typically presumed to possess a mean of zero 

and a constant variance, characteristic of white noise. The c term introduces a continuous shift to the 

overall structure of the model, so enhancing its flexibility, either in conjunction with or independently 

of μ.  

The ARIMA model typically employs a three-stage approach for time series data analysis. 

Initially, tests are conducted to assess the stationarity of the series; those identified as non-stationary 

are rendered stationary by applying differences of the requisite order. During the second phase, the 

parameters of the ARIMA model are estimated. The autoregressive and moving average parameters 

in the model are identified through the Autocorrelation Function (ACF) and Partial Autocorrelation 

Function (PACF) graphs; ACF outlines the randomness and correlation framework, whereas PACF 

facilitates a more nuanced correlation examination. The third and final stage encompasses diagnostic 

evaluations conducted using the Ljung-Box test. This test assesses the random distribution of 

residuals and the model's appropriateness. If the model is deemed inadequate, the three processes are 

reiterated until an acceptable fit is attained (Singh et al., 2025; Singh et al., 2020). 

2.5. Long Short-Term Memory (LSTM) 

LSTM, in contrast to traditional feedforward neural networks, is a distinct RNN architecture 

characterised by feedback connections. This structure is essential for capturing long-term 

dependencies and properly retaining historical information within the model. Due to its capacity to 

handle both individual data points and sequential data sequences, RNN guarantees the retention of 

contextual information, particularly in sequential datasets like time series. Consequently, LSTM 

design can yield more precise and reliable predictions by considering the historical correlations within 

the data (Hochreiter & Schmidhuber, 1997; Tamilselvi et al., 2024; Xie et al., 2023). The fundamental 

methodology of LSTM is substituting the neurones in the hidden layer of traditional RNNs with an 

LSTM architecture that utilises memory cells. The LSTM architecture comprises three gate 

components designed to efficiently capture long-term dependencies and regulate information flow: 

the input gate, forget gate, and output gate. The input gate governs the incorporation of new 

information into the cell state, the forget gate facilitates the removal of superfluous or detrimental 

information from the prior cell state, and the output gate manages the transmission of information 

derived from the cell state to subsequent layers. This framework facilitates the efficient management 

of both short-term and long-term memory, hence enhancing the precision of modelling patterns and 

dependencies in sequential data, including time series (Huang et al., 2025). Figure 1 illustrates the 

architecture of the LSTM network. 
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Figure 1. LSTM network structure. 

 

Equations 4-9 contain the general formulas for LSTM (Singh et al., 2024). 

 

𝑓𝑜𝑟𝑔𝑒𝑡 𝑔𝑎𝑡𝑒: 𝑓𝑡 = 𝜎(𝑊𝑓 × [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                                                                         (4)     

𝑖𝑛𝑝𝑢𝑡 𝑔𝑎𝑡𝑒: 𝑖𝑡 = 𝜎(𝑊𝑖 × [ℎ𝑡−1, 𝑥𝑖] + 𝑏𝑖)                                                                             (5) 

𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑐𝑒𝑙𝑙 𝑠𝑡𝑎𝑡𝑒: 𝐶̃ = 𝑡𝑎𝑛ℎ(𝑊𝑐 × [ℎ𝑡−1, 𝑥𝑖] + 𝑏𝑖)                                                       (6) 

𝑢𝑝𝑑𝑎𝑡𝑒 𝑐𝑒𝑙𝑙 𝑠𝑡𝑎𝑡𝑒: 𝐶𝑡 = 𝑓𝑡 × [𝐶𝑡−1 + 𝑖𝑡] + 𝑏𝑖 × 𝐶𝑡̃                                                             (7) 

𝑜𝑢𝑡𝑝𝑢𝑡 𝑔𝑎𝑡𝑒: 𝑂𝑡 = 𝜎(𝑊𝑜 × [ℎ𝑡−1, 𝑥𝑖] + 𝑏𝑜)                                                                        (8) 

𝑜𝑢𝑡𝑝𝑢𝑡 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑖𝑜𝑛: ℎ𝑡 = 𝑂𝑡 × tanh (𝐶𝑡)                                                                           (9) 

In the equations, the xt term denotes the input data of the LSTM network architecture. The σ 

function in the model functions as the sigmoid activation function, whilst the tanh function denotes 

the hyperbolic tangent activation function. These activation capabilities are essential for regulating 

the information flow and transformation inside LSTM cells. The parameters wo, wf, wc, and wi are 

designated as bias terms utilised in the computation of the pertinent gates and cell states. These terms 

enhance the model's learning flexibility, facilitating a more precise representation of the link between 

inputs and cell states. 

2.6. Model Error Performance Measures 

To determine the error performance of the prediction models, mean squared error (MSE), root 

mean squared error (RMSE), sum of squared errors (SSE), and coefficient of determination (R²) 

metrics were preferred (Equations 10-13) (Şenol et al., 2021). 
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𝑀𝑆𝐸 =
1

N
∑ (yi − ŷi)

2N

i=1
                                                                                                                   (10) 

𝑅𝑀𝑆𝐸 = √∑ (yi−ŷi)2N
i=1

N
                                                                                                               (11) 

𝑆𝑆𝐸 =  ∑ (𝑌𝑖 − 𝑦̂𝑖)
𝑛
𝑖=1                                                                                                                 (12) 

𝑅2 = 1 − [
∑ (yi−ŷi)2N

i=1

∑ (yi−y̅i)2N
i=1

]                                                                                                             (13) 

In these equations, 

ŷᵢ: The estimated (predicted) value of the relevant observation by the model. 

yᵢ: Represents the actual or expected value. 

Yi: The mean of all observed values 𝑦𝑖 across the dataset. 

n: Represents the total number of observations in the data set examined (Şenol et al., 2025a). 

2.7. Establishing Hyperparameters for Time Series Models 

This work employed LSTM architecture to predict univariate time series data with great 

precision (Çolak, 2025c). Prior to initiating the study, preprocessing steps were implemented on the 

raw dataset to render it appropriate for the LSTM model. Data values were normalised to a range of 

0 to 1 utilising MinMaxScaler to enhance the efficacy of neural network training. The lookback value 

was established at 3 to generate the model's time series input, enabling the model to utilise three 

preceding time steps to forecast the value at time t+1. The preprocessed dataset was partitioned into 

80% for training and 20% for testing, maintaining temporal sequence to accurately evaluate the 

model's generalisation capability. 

The model features a two-layer stacked architecture to reflect hierarchical dependencies within 

the time series. The initial LSTM layer comprises 100 units and is set with return_sequences=True to 

transmit outputs to the subsequent layer; the second LSTM layer, consisting of 50 units, is tasked 

with acquiring advanced temporal features and is configured with return_sequences=False to relay 

only the final state vector to the dense layer. A dropout rate of 0.2 was implemented on the outputs 

of both LSTM layers to mitigate the network's propensity to overfit. The batch size remained fixed at 

1 during the training phase, ensuring that weight updates were tailored to each individual sample due 

to the sequential characteristics of time series modelling. The model underwent training for 80 

epochs, with the MSE as the loss function, a conventional choice for regression tasks, while the Adam 

optimisation method, known for its rapid convergence and adaptable learning rate, was employed. 
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A sequential 5-fold K-fold cross-validation was conducted on the training dataset to evaluate 

the model's training stability. The ultimate performance assessment and model efficacy were 

determined using R², MSE, RMSE, and SSE, which are standard metrics in the literature. 

The ARIMA model, which employs historical values from the series for forecasting, was 

utilised as the principal time series prediction approach in the study. The primary grounds for 

selecting ARIMA were its robust theoretical framework and its significant alignment with the 

observed properties of the series (Shumway & Stoffer, 2017). The ARIMA model parameters were 

meticulously established according to the statistical characteristics of the series. The stationarity test, 

an essential prerequisite of the model, was conducted utilising the Extended Dickey-Fuller (ADF) 

test. The initial series was non-stationary, and the p-value (9.49×10-19) along with the ADF statistic 

(-10.5244), both being below the 1% threshold value (-3.6155), conclusively indicated that the series 

achieved stationarity following two differencing operations. The d parameter was established at 2. 

Information criteria were calculated to assess model parsimony and overall goodness of fit. The 

resulting ARIMA(2,2,1) model attained an AIC of −89.8484 and a BIC of −84.1124, establishing it 

as the most parsimonious and optimal model among the evaluated choices. 

The ACF and PACF graphs of the stationary series with a difference of d = 2 were examined 

visually (Figure 2). In the PACF graph, the truncation of the first substantial lag in the second step 

established the p parameter at 2; in the ACF graph, the truncation of the first lag in the initial step 

established the q parameter at 1. The ARIMA model configuration was established as (2, 2, 1). 

 

Figure 2. ACF and PACF graphs for the ARIMA model. 

2.8. Software and Computational Environment 

All computational evaluations were performed on a Windows 11 operating system utilising a 

machine with an Intel® Core™ i7-11700H CPU, 32 GB RAM, and an NVIDIA RTX 3050 GPU. 

The Gompertz and Logistic models were executed in MATLAB R2019a, employing its nonlinear 
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regression and curve-fitting capabilities. Analyses for the ARIMA and LSTM models were conducted 

in Python 3.11 using the Spyder environment, utilising common scientific and machine-learning 

libraries. 

3. Results and Discussion 

3.1. Evaluation of Obesity Rate in Chinese Adults 

The longitudinal variation in obesity prevalence among Chinese people has been thoroughly 

documented from 1975 to 2016 (Table 1). Commencing at a minimal rate of 0.4% in 1975, the process 

experienced modest growth in the subsequent years, attaining 0.6–0.8% during the 1980s. Obesity 

rates significantly escalated in the 1990s, rising from 1.1% to 2% throughout that period. The growth 

rate intensified in the early 2000s, fluctuating between 2.3% and 3%, and persisted in its ascent from 

2009, culminating at 6.6% in 2016. The statistics indicate a sustained, systematic rise in obesity 

prevalence in China, potentially attributable to economic, sociocultural, and lifestyle reasons. 

 

3.2. Forecasting the Obesity Percentage in Chinese Adults 

The estimations derived from the data in Table 1 utilised the Gompertz model, Logistic model, 

ARIMA, and LSTM. The black dots in Figure 3 denote the observed values for obesity rates from 

1975 to 2016, and the blue curve illustrates the estimations derived from the Gompertz model and 

Logistic model. The Gompertz model is notable for depicting growth processes that first occur at a 

low rate, subsequently accelerate, and ultimately converge towards a specific upper limit over time. 

In this context, the model demonstrates a positioning closely aligned with the data in the initial years, 

effectively captures the acceleration noted during the 1990s, and progressively decelerates the 

observed rising trend in the latter portion, approaching potential saturation. The results indicate that 

the Gompertz model suitably fits obesity data and can estimate temporal rate variations within a 

comprehensive framework. 

 

Figure 3. Gompertz growth curve graph (A) and Logistic growth curve graph (B). 
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The black dots signify the observations of obesity rates from 1975 to 2016, and the blue curve 

illustrates the values projected by the Logistic model. The S-shaped growth, a defining aspect of the 

Logistic model, indicates that an initial slow increase accelerates with time, gaining velocity 

throughout the intermediate phase, before subsequently decelerating as it nears saturation levels. The 

visual analysis reveals that the model accurately reflects the pronounced acceleration witnessed since 

the 1990s, followed by a deceleration in the latter phase, nearing a saturation point. The Logistic 

model comprehensively represents the fluctuations in obesity rates, encompassing the beginning, 

acceleration, and deceleration phases, while effectively forecasting the overarching patterns in the 

dataset. The numbers in Table 2 present the estimated parameters of the Logistic and Gompertz 

models, indicating that each model addresses growth dynamics distinctively.  

Table 2. Forecasted parameter values of growth curves 

 

The A= 46 value in the Logistic model represents a parameter that forecasts the maximum 

obesity rate, or carrying capacity, at roughly 46%. λ=39.07 is a parameter that modifies the placement 

of the growth curve along the temporal axis (for instance, the year when the inflection point is near); 

μ=0.8395 is the coefficient that dictates the growth rate inside the model. The A=1702 value in the 

Gompertz model does not possess a straightforward interpretation such as 1702%; rather, it represents 

the highest limit of the Gompertz equation and serves as the scale parameter that defines the curve's 

shape. λ=114.9 modifies the temporal location and establishes the duration during which the most 

rapid escalation or transitional phase of the obesity rate occurs. μ=6.212 is the growth coefficient that 

delineates the gradient of the increase and the acceleration in the central segment of the model. 

While both models may demonstrate an S-shaped growth, the mathematical distinctions 

between the Logistic and Gompertz functions result in differing magnitudes and interpretations of 

their parameters. Consequently, although the A=46 value in the Logistic model can be directly 

interpreted as the carrying capacity or maximum obesity rate, the A=1702 parameter in the Gompertz 

model should not be construed similarly; rather, it should be recognised as a factor that influences the 

model's scale and curve shape. 

Figure 4 illustrates the observed and modelled changes in obesity prevalence in China from 

1978 to 2016, utilising four modelling methodologies: Gompertz, Logistic, ARIMA, and LSTM, 

alongside actual historical data. The raw dataset spans from 1975 to 2016; however, the analysis 

commences in 1978 due to the LSTM model's necessity for a backdated window that uses multiple 

prior observations as input for sequence learning. 

Model-Metrics A λ μ 

Logistic 46 39 0.8395 

Gompertz 1702 114.9 6.212 
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Figure 4. Forecasting of obesity prevalence in China between 1978 and 2016 using Gompertz, Logistic, 

ARIMA and LSTM models. 

 

The empirical data (black dots) indicate a persistent and rapid rise in obesity prevalence, from 

under 1% in the late 1970s to exceeding 6% in 2016. This trend illustrates the significant nutritional, 

social, and lifestyle transformations that have occurred alongside China's swift urbanisation, 

industrialisation, and culinary westernisation in the last forty years. 

The Gompertz model (red) offers a consistent and accurate fit across the observation period, 

effectively representing the asymmetric growth pattern characteristic of chronic public health issues, 

especially where prevalence initially rises gradually, accelerates during economic growth and urban 

lifestyle adoption, and ultimately reaches a plateau. The Gompertz function's adaptability in 

representing decelerating growth accounts for its excellent alignment with empirical data from 1990 

to 2010, a timeframe characterised by rising caloric consumption and diminishing physical activity 

among China's urban populace. 

The Logistic model (green) accurately reflects the overall sigmoidal trajectory but tends to 

overstate obesity levels post-2010, indicating that the saturation point (carrying capacity) was attained 

sooner than recorded. This overestimation indicates that, although the prevalence of obesity has risen 

markedly, China has not yet reached the complete stabilisation phase characteristic of industrialised 

nations, and public health regulations and awareness initiatives are starting to curtail further 

escalation. 

The ARIMA model (purple) accurately catches short-term fluctuations and efficiently monitors 

the initial phases (1978–2000). Nonetheless, as a linear time series approach, ARIMA's forecasting 
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efficacy declines when confronted with nonlinear dynamics arising from the intricate interplay of 

demographic, economic, and behavioural factors influencing obesity. 

Conversely, the LSTM model (blue) adeptly captures the nonlinear and memory-dependent 

characteristics of obesity progression, demonstrating a striking alignment with actual data throughout 

the whole-time span. The model's architecture, which integrates long-term temporal dependencies, 

enables the detection of nuanced trends in the acceleration of obesity prevalence amid China's swift 

urban and economic transition. 

The comparison indicates that classical growth models (Gompertz and Logistic) provide 

interpretability and epidemiological understanding of long-term saturation behaviour, whilst data-

driven methods like LSTM excel in forecast accuracy and adaptability. The continuous increase in 

obesity rates in China underscores the ongoing epidemiological transition towards a chronic illness 

burden and emphasises the necessity for comprehensive public health interventions, nutritional 

education, and lifestyle modification initiatives. 

This study's findings reveal a constant, nonlinear rise in adult obesity incidence in China from 

1978 to 2016, aligning with global patterns that characterise obesity as an enduring and pervasive 

public health concern. The findings from the Gompertz, Logistic, ARIMA, and LSTM models 

collectively affirm that the incidence of obesity in China has evolved from an uncommon condition 

in the late 1970s to a prevalent condition in the 21st century. This development aligns with China's 

swift economic expansion, urbanisation, and alterations in eating habits and physical activity 

behaviours (Fardet et al., 2021; Monda et al., 2007; Popkin, 2014b). 

The Gompertz and Logistic growth models accurately represented the long-term sigmoidal 

trajectory of obesity proliferation. The Gompertz model exhibited superior fit throughout the 

acceleration phase (1990–2010), aligning with its asymmetric structure that resulted in gradual 

beginning development, succeeded by a more pronounced increase and a subsequent plateau (Tjørve 

& Tjørve, 2017; Zhao et al., 2020). The Logistic model, while theoretically analogous, frequently 

overestimated prevalence post-2010 and indicates that China has not yet attained the saturation phase 

evident in other industrialised nations, like the United States and the United Kingdom (Jaacks et al., 

2019). These contradictions underscore that classical growth models are relevant for interpreting 

long-term trends but may undervalue nonlinear variations and sociocultural disruptions. 

The ARIMA model effectively depicts short-term variations in the initial decades when annual 

fluctuations are relatively minor; nevertheless, its linear assumptions constrain its capacity to account 

for the behavioural and socioeconomic factors affecting obesity (Tomov et al., 2023). Conversely, 

the LSTM model exhibited enhanced predicted accuracy, showing virtually perfect concordance with 

empirical data across the whole-time frame. This outcome underscores the model's efficacy in 

tackling nonlinear, memory-dependent, and time-delayed processes, which are especially pertinent to 
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chronic public health issues like obesity, characterised by progressive behavioural adaptation and 

intergenerational transmission (Pham et al., 2016; Weng et al., 2017). 

From an epidemiological standpoint, the upward trend indicated by the LSTM model 

exemplifies the nutritional transition theory, which associates economic development with dietary 

shifts towards high-calorie, ultra-processed foods and less physical activity (Popkin, 2014a). From 

1980 to 2015, China's per capita calorie consumption rose by almost 30%, concurrently accompanied 

by a decline in physical labour attributable to industrialisation and technical advancement (Sun et al., 

2023). The prevalence of obesity has escalated more swiftly in urban regions compared to rural areas, 

exacerbating socioeconomic disparities in health consequences. 

A comparison of statistical and machine learning techniques reveals that data-driven algorithms 

like LSTM can enhance traditional growth curves by offering adaptable, high-resolution predictions 

that accommodate the nonlinear characteristics of epidemiological data. Nonetheless, the 

interpretability of LSTM is constrained in comparison to parametric models like Gompertz and 

Logistic, which produce epidemiologically significant characteristics like carrying capacity and 

growth rate. Consequently, the integration of traditional and AI-based methodologies can yield a 

balanced framework that merges interpretability with predictive efficacy (Şenol & Çolak, 2025). 

The findings indicate that China's obesity pandemic has not yet stabilised from a policy 

standpoint. Should prevailing patterns persist, the nation may encounter a substantial rise in obesity-

related comorbidities, such as type 2 diabetes, cardiovascular disease, and certain malignancies (Liu 

et al., 2022; Zhang et al., 2019)Urgent implementation of effective public health interventions, 

including taxing sugary beverages, food labelling rules, community-based fitness programmes, and 

early health education, is essential to mitigate this trend (Teng et al., 2019).  

This study illustrates that hybrid forecasting frameworks, integrating classical growth theory 

and contemporary deep learning, can function as effective decision-support instruments for national 

health systems. The methodological approach outlined below is applicable to various chronic illnesses 

characterised by temporal progression, facilitating data-driven policy development and preventive 

measures. 

3.3. Error Performance Analysis Results of Forecasted Models 

Table 3 presents the comparative error performance of four prediction models used to model 

adult obesity prevalence in China. R² was evaluated using MSE, RMSE, and SSE. 
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Table 3. Comparison of error performance among Logistic, Gompertz, ARIMA, and LSTM models 

for estimating adult obesity prevalence in China. 

Model-Metrics R2 MSE RMSE SSE 

Logistic 0.9997 0.000973 0.031185 0.03956 

Gompertz 0.9961 0.013363 0.1156 0.5212 

ARIMA 0.8098 0.142733 0.3778 1.2846 

LSTM 0.8199 0.0041 0.0582 0.0246 

 

The Logistic model exhibited the highest overall accuracy, with an R² of 0.9997, an MSE of 

0.00097, an RMSE of 0.0312, and an SSE of 0.0396. The results indicate an almost flawless alignment 

between the modelled and actual data, highlighting the Logistic growth curve's capacity to depict the 

initial exponential growth phase, subsequent deceleration, and eventual saturation phase of obesity 

from an epidemiological viewpoint. Consequently, it emerges as a robust model selection for 

analysing obesity within the framework of long-term behavioural and biological limitations 

(Pelinovsky et al., 2020). 

The Gompertz model yielded commendable results, attaining an R² of 0.9961 and an RMSE of 

0.1156, albeit with a little elevated residual variance relative to the Logistic model. This aligns with 

the asymmetric configuration of the Gompertz function, which more accurately depicts the steady 

increases in the early stages and the slowdown patterns in the latter stages typical of chronic disease 

dissemination. The elevated MSE (0.0134) and SSE (0.5212) results indicate a potential 

underestimation of recent accelerated trends in obesity incidence, especially during times of 

significant socioeconomic change. 

Conversely, the ARIMA model had inferior prediction performance, with R² = 0.8098 and 

RMSE = 0.3778, signifying considerable residual error and diminished ability to capture the nonlinear 

dynamics of obesity growth. Although ARIMA adeptly captures short-term variations, its linear 

autoregressive framework constrains its capacity to represent the intricate behavioural, 

environmental, and policy-related interactions that affect obesity rates (Özen & Özen, 2025). 

The LSTM model, engineered to capture temporal dependencies and nonlinear interactions, 

exhibited competitive performance (R² = 0.8199, RMSE = 0.0582, SSE = 0.0246) and markedly 

reduced total error metrics compared to ARIMA. The MSE value of 0.0041 underscores its 

proficiency in recognising sequential patterns and maintaining temporal continuity within the sample. 

Five-fold cross-validation was conducted to assess the generalisation capability of the LSTM 

network. The model exhibited variable but strong performance across folds, with R² values ranging 

from 0.4074 to 0.9828 and RMSE values ranging from 0.0224 to 0.0851. The mean fold performance 

was quantified as R² = 0.8199, MSE = 0.0041, and SSE = 0.0246, indicating a substantial level of 
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reliability and consistent learning behaviour. Fold 3, with an R² of 0.9828, demonstrated near-perfect 

concordance between predicted and actual values, confirming the network's capacity to accurately 

describe nonlinear temporal evolution upon achieving optimal weight convergence. 

These findings indicate that classical growth curves (Logistic and Gompertz) offer excellent 

interpretability and a smooth fit for long-term obesity projections, whereas deep learning methods 

(LSTM) are better suited to the nonlinear dynamics and temporal dependencies present in complex 

public health data. The ARIMA model, despite its theoretical robustness, is constrained by its linear 

framework and vulnerability to nonstationarity. Consequently, integrating growth curve 

interpretability with the adaptability of neural networks may yield the most resilient framework for 

forecasting chronic health issues, such as obesity, in developing populations. 

4. Conclusion 

This study conducted a comparative evaluation of four predictive methodologies (Gompertz, 

Logistic, ARIMA, and LSTM) to model adult obesity trends in China from 1975 to 2016. The findings 

indicated a consistent, nonlinear rise in obesity rates, mirroring the nation's swift urbanisation, the 

westernisation of eating patterns, and socioeconomic changes. 

• The Logistic model attained the maximum accuracy (R² = 0.9997; RMSE = 0.0312), 

effectively representing the sigmoidal trajectory of obesity progression: initial exponential 

increase, subsequent acceleration, and final saturation. 

• The Gompertz model demonstrated a robust match (R² = 0.9961), aligning with China's 

industrial growth and shifts towards a sedentary lifestyle, especially during the acceleration 

period from 1990 to 2010. 

• The ARIMA model, while suitable for short-term forecasting (R² = 0.8098), encountered 

difficulties with non-linear behavioural and demographic interactions because of its linear 

structure. 

• The LSTM model (R² = 0.8199; RMSE = 0.0582) has shown significant adaptability and 

effectively captured long-term dependencies due to its memory-based architecture. Five-fold 

validation affirmed the model's strong temporal generalisation, enhancing its capacity for 

intricate epidemiological forecasting. 

These findings underscore the synergistic advantages of classical and AI-based models: growth 

curves (Logistic, Gompertz) deliver interpretability and epidemiological relevance, whereas deep 

learning (LSTM) affords flexibility and enhanced nonlinear predictive capability. From a policy 

standpoint, forecasts suggest that the obesity epidemic in China has not yet attained saturation. In the 

absence of definitive public health measures, like levies on sugary beverages, enhanced nutrition 
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labelling, and nationwide physical activity programmes, the prevalence of obesity-related 

comorbidities (type 2 diabetes, cardiovascular illnesses, and malignancies) is expected to rise. The 

study methodologically introduces a cohesive predictive framework that merges the interpretability 

of growth curves with the adaptability of deep learning, offering a scalable model for chronic disease 

prediction. This hybrid model can facilitate evidence-based policymaking, enhance epidemiological 

surveillance, and direct proactive actions within national and global health systems. 

In summary, the integration of statistical growth theory with computational intelligence offers 

a robust and comprehensible foundation for the analysis and prediction of persistent public health 

issues, such as obesity, hence enhancing global health management from both scientific and practical 

viewpoints. 
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